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Abstract 
This research aims to investigate the impact of spatial clustering of T&H firms on the labour 
productivity of the UK T&H industry, specifically on the implications of agglomeration 
economies for labour productivity both within (direct effects, accounting for spatial feedback 
effects) and between (indirect spatial spillover effects) spatial units. Employing under-
exploited micro-level datasets from the UK Office for National Statistics, the impact of spatial 
clustering and agglomeration economies (labour market pooling and knowledge spillovers) on 
T&H labour productivity within and between local authority districts (LADs) was examined 
using spatial panel modelling. Based on 373 LADs across England, Scotland and Wales and 
for the period 2006-2016, the fixed-effect spatial Durbin panel model was estimated. Findings 
concluded that the increase in the degree of clustering of T&H firms has had negative effects 
on labour productivity of T&H firms within the LADs but also across, and from, neighbouring 
LADs and back. Labour market pooling variables have shown positive effects regarding the 
pool of skilled labour but the effects on productivity were negative in terms of the share in 
high-skilled jobs. Knowledge spillover effects on labour productivity of T&H firms within a 
LAD were insignificant, but when considering its spatial spillover effects, they were 
complementary, suggesting the importance of human capital externalities and their spillover 
effects across geographical boundaries. Moreover, the long-run effects of agglomeration 
economies were significantly greater than the short-run effects on the labour productivity of 
T&H firms within and between LADs, suggesting the need to take a long-run perspective on 
how spatial clustering and agglomeration economies affect T&H labour productivity within 
and between neighbouring regions. Using geographically weighted regression modelling, 
significant spatial variations in the relationship between spatial clustering and agglomeration 
economies and T&H labour productivity were identified within each LAD but also spillover 
effects across the neighbouring districts.  
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Chapter 1 Introduction 
1.1 Background and rationale 
Productivity in tourism and hospitality (T&H) is an important measure of performance, growth 
and competitiveness at a firm, sector and regional level (Battisti and Iona, 2009; Yang, 2016). 
It is a key driver of long-term economic growth, competitiveness, wages and national living 
standards, contributing by enhancing the effectiveness and efficiency of the workforce and 
production (Grönroos and Ojasalo, 2004). However, its growth has sharply fallen globally after 
the 2008 global financial crisis, and has persistently slowed down in many advanced economies 
and, more recently, in emerging economies (OECD, 2015). This is called the productivity 
puzzle. This has had controversial implications for lowly paid and highly labour-intensive 
sectors, such as T&H, which has exacerbated the sectoral and regional differences in 
productivity (Thompson et al., 2016; Gal and Egeland, 2018). This prolonged period of 
stagnant productivity growth has renewed attention on the analysis of productivity, but there 
are still substantial gaps in our understanding of productivity in T&H. 
In the T&H industry, due to its highly labour intensive and intangible nature, labour 
productivity is a key measure of performance (Park et al., 2016). The interaction between the 
producer and consumer is central to the delivery of T&H goods and services, which implies 
that the efficiency and effectiveness of labour is crucial in service quality, customer satisfaction 
and, ultimately, labour productivity and total firm productivity (Nachum, 1999; Grönroos and 
Ojasalo, 2004). It is therefore a major concern that there is a long-term slowdown in 
productivity growth in developed economies, including the traditional low growth sectors like 
T&H (Baumol, 1986; Kim, 2006; Martin et al., 2017). T&H is well-known for being a low 
value added and productivity sector owing to its seasonal, transient, temporary and low-skilled 
workers and high labour turnover rates (Battisti and Iona, 2009). With the large inter-sectoral 
productivity gap between the T&H and other sectors of the economy, this has been a persistent 
concern as it affects the sector’s competitiveness and the survival of individual firms, especially 
given the impact of the growing digital economy and increasingly competitive business 
environments (Blake, Sinclair and Soria, 2006; Battisti and Iona, 2009; Tsai, Song and Wong, 
2009). 
The productivity gap can be approached in two dimensions: internal and external (Zhang and 
Enemark, 2016). Past studies have largely focussed on the internal dimension, which refers to 
2 
the internal business environment and operations. In T&H, these include human resource 
management (HRM), training and skills and talent management to deal with the low level of 
labour productivity (Madera et al., 2017). Many of the studies show positive associations 
between in-house operations and management and labour productivity, which has generated 
policy recommendations for improving training and skills development (e.g. Wright and Snell, 
1998; Singh, Motwani and Kumar, 2000; Li, Joppe and Meis, 2016). However, despite the 
evidence of varying levels of training and HRM in T&H firms (Kusluvan et al., 2010), the 
T&H is still a low value added and productivity sector. With rising costs and labour constraints, 
traditional ways of recruitment and training are insufficient to improve productivity levels in 
both the short and long run. Additionally, efforts to strategic, operations and knowledge 
management are essential for productivity enhancements in T&H firms (e.g. Witt and Witt, 
1989; Johnston and Jones, 2004; Shaw and Williams, 2009). In contrast to the internal 
dimension, the external dimension has been of less interest to researchers and practitioners and 
more attention is required. The external dimension refers to the external business environment, 
for example: location, the social, economic, political (e.g. government regulations) and 
technological environment of the firm, competition and interaction between firms (Tribe, 2016; 
Zhang and Enemark, 2016). With relatively fewer studies on how the external environment of 
the firm can have an impact on its productivity, spatial clustering is one aspect of location. 
In the traditional economic geography scholarship, the role of spatial clustering of firms on 
productivity has been significantly acknowledged and applied in the manufacturing and high-
technology industry (e.g. Dumais, Ellison and Glaeser, 2002; Henderson, 2003; Duranton and 
Puga, 2004; Rosenthal and Strange, 2004; Ellison, Glaeser and Kerr, 2010). However, the 
implications for the service industry, especially in T&H, are largely unresearched. A study of 
spatial clustering in the T&H industry has value beyond the immediate sector because of its 
inter-sectoral nature and the distinctive nature of T&H clusters. First, T&H itself is a spatial 
phenomenon where production and consumption are highly localised and goods and services 
are inseparable in time and space since consumers mostly travel to places where they are 
delivered (Majewska, 2017). Hotels, restaurants and bars, tourist attractions, travel agencies, 
etc. cluster in tourist destinations (Baker and Riley, 1994; Weidenfeld, Butler and Williams, 
2011), where there is a spatial concentration of tourism demand and supply, and the tourism 
experience is produced by a complex set of producers and suppliers (Jackson and Murphy, 
2002; Michael, 2003). Second, the T&H industry is highly labour-intensive and means there is 
considerable potential for employees to be involved in personal interaction to exchange (tacit) 
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knowledge and ideas, which makes spatial proximity an importance factor for effective 
knowledge sharing at a destination (regional) level (Shaw and Williams, 2009). Thus, the 
clustering of T&H firms can improve their productivity and reinforce or generate further 
demand via these place-based externalities, such as labour market pooling and knowledge 
spillovers, in the form of agglomeration economies (Marshall, 1920; Henderson, 2003; Peiró-
Signes et al., 2014). Yet, it is important to note that there are also possible negative competition 
consequences from agglomeration (McCann and Folta, 2009). Third, these agglomeration 
economies can also exert spillover effects across regions, which can potentially contribute 
towards productivity growth at the regional level (Yang and Wong, 2012). However, prior 
studies are limited in the context of T&H. 
The nature and extent of spatial clustering in the T&H industry is largely assumed, and the 
actual effects are uncertain (Baldwin and Martin, 2004; Capone, 2015b). T&H research on 
spatial clustering can be said to have emerged from hotel location research, examining 
agglomeration effects on hotel location choice (e.g. Ingram and Inman, 1996; Baum and 
Haveman, 1997; Kalnins and Chung, 2004). Later on, agglomeration studies focussing on its 
impact upon the general performance of hotels and other T&H firms increased (e.g. Canina, 
Enz and Harrison, 2005; Yang, Wong and Wang, 2012; Marco-Lajara et al., 2014; Lee and 
Jang, 2015). Yet, there are still relatively few studies on the labour market aspects, especially 
T&H labour productivity. As a result, there are still substantial gaps in the academic 
understanding of productivity in T&H; and, specifically, there is a need to consider whether 
spatial clustering and the effects of agglomeration economies could make a potential 
contribution to improving the labour productivity in the T&H industry.  
Henceforth, this research aims to investigate the impact of spatial clustering of T&H firms on 
their labour productivity, contributing to the operationalisation of agglomeration economies in 
the T&H labour markets and the understanding of the determinants of T&H labour 
productivity. This research will use spatial econometric modelling to fulfil the research aim 
and major under-exploited micro-level datasets will be used for the first time in T&H 
productivity studies. To the best of the researcher’s knowledge, although T&H studies have 
adopted spatial econometric modelling (e.g. Yang and Wong, 2012; Kostakis and 
Theodoropoulou, 2017), this research represents one of the first attempts to analyse the impact 
of spatial clustering and agglomeration economies on the labour productivity of T&H firms 
using such modelling method. This represents a key advance in that traditional econometric 
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models have not been able to measure the potential spillover effects of agglomeration 
economies due to the lack of specific measures of spatial interactions. This enhances the 
originality and novelty of the contribution of this research to the T&H scholarship.  
The context of this research will be on the UK, which will be elaborated in the following sub-
section.  
1.1.1 Study context: the UK tourism and hospitality industry 
This research particularly focusses on the UK because of the size of the UK productivity puzzle 
post-2008, which has seen the sharpest decline in productivity after the global financial crisis 
amongst the G7 nations. Up to 2007, the UK had relatively strong productivity growth 
compared to the other G7 countries, but after the 2008 global financial crisis, its productivity 
has been the weakest and has worsened in the following seven years (ONS, 2017a). Figure 1.1 
shows the change in labour productivity in the UK from 2007 to 2016. In 2016, output per hour 
worked was 16.3% below and output per worker was also 16.6% below than of the rest of the 
G7 countries (ONS, 2018b). 
Figure 1.1 Change in labour productivity in the UK (2007-2016) 
 
Source: ONS (2017b) 
Both pre- and post-2008, large firms have had the highest productivity growth levels and they 
have been driving the UK productivity in general. The OECD refers to these firms as ‘globally 
leading frontier’ firms, and they are only a small minority of all firms in the overall economy 
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(OECD, 2015). This means that the so-called ‘the rest’ are contributing little or none to the 
national productivity. This has formed a long tail of productivity laggards, which is mainly 
comprised of small- and medium-sized enterprises (SMEs) and is essentially lagging the 
overall productivity growth (ibid.). Additionally, two-thirds of the workforce are employed by 
‘the rest’. The UK T&H industry is one of the sectors with the fastest growth rate in 
employment but is one of the sectors with the lowest level of productivity (LSE Growth 
Commission, 2017). It is made up of more than 240,000 businesses, of which the vast majority 
are SMEs (less than 250 employees) or micro-businesses (less than 10 employees) (British 
Hospitality Association, 2017; ONS, 2019e). This suggests a substantial ‘long tail’ of 
productivity laggards in the T&H sector, creating a large labour productivity gap within the 
sector but also contributes substantially to the gap with other sectors of the economy.  
The UK T&H industry has long been known for its persistent low levels of labour productivity 
and is not just a recent phenomenon due to changes in the socio-economic, political and 
technological environments. Productivity has been one of the key government economic 
agendas and a focus of economic policy discussions over numerous decades. Concerns 
heightened post-2008 with the productivity puzzle (Barnett et al., 2014). This was further 
exacerbated by recent changes in employment associated with the emergence of the gig and 
sharing economy and zero-hour contracts (flexible working hours) as well as the post-Brexit 
labour market consequences and debates on migration (LSE Growth Commission, 2017). This 
is a pressing concern in the T&H industry in particular due to its reliance on migrant labour 
and the high rates of labour turnover (People1st, 2016, 2017). The reasons for the low labour 
productivity in the industry are considered to be strongly associated with the T&H labour 
characteristics – low-skilled, transient, seasonal, temporary, part-time or zero-hour contract 
and lack of motivation – and with rising costs and labour restrictions, traditional approaches to 
recruitment and training are insufficient (People1st, 2017). Both the industry and government 
have acknowledged such problem and are increasingly recognising the importance of 
productivity in T&H for the UK economy (HM Government, 2017, 2019). Thus, this current 
research is highly relevant and timely, especially with the government commitment to boost 
T&H productivity via the recent Industrial Strategy Tourism Sector Deal (HM Government, 
2019). 
Low productivity in T&H is not a new issue. Productivity in T&H has historically been 
significantly lower than in other sectors of the economy (Keller and Bieger, 2007; Battisti and 
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Iona, 2009; People1st, 2015; Forth and Rincon-Aznar, 2018). There have been various studies 
conducted to explore the sources of such differences in productivity – this is not just a sectoral 
difference, but also regionally in terms of general productivity (e.g. McKinsey, 1998; Crafts 
and O’Mahony, 2001; ESRC, 2003). A great deal of work has been undertaken at a ‘macro’ 
level of analysis according to Battisti and Iona (2009), which refers to the comparisons between 
different competing national states such as the UK and the US (Porter and Ketels, 2003; 
Broadberry and O’Mahony, 2004; Van Ark, O’Mahony and Timmer, 2008). Such studies have 
highlighted one of the key reasons for a productivity gap between the different national 
economies as being poor management systems, and this is a common view amongst the 
expanding body of research in this area (Black and Lynch, 2001; Bloom and Van Reenen, 
2007; Benavides-Chicón and Ortega, 2014; Li, Joppe and Meis, 2016; Madera et al., 2017). 
Similar conclusions have emerged in recent years that have analysed the concept in the ‘micro’ 
level, looking at the differences at organisational and sectoral level and evaluating how firms 
manage their resources to deliver productivity (Battisti and Iona, 2009).  
Many studies have embarked on this subject, comparing and analysing different regions such 
as the US, France and Germany (O’Mahony and De Boer, 2002; Van Ark, O’Mahony and 
Timmer, 2008), and comparing sectors (Griffith et al., 2003; Haskel, Hawkes and Pereira, 
2005; Battisti and Iona, 2009). There has been a persistent gap in the UK’s labour productivity 
compared to the US, France and Germany (O’Mahony and De Boer, 2002; Broadberry and 
O’Mahony, 2004) – Table 1.1. The main reasons for this have been claimed to be the lack of 
capital intensity and, to a lesser extent, skilled labour, especially between the UK and the 
European countries (Crafts and O’Mahony, 2001; O ’Mahony and De Boer, 2002; Porter and 
Ketels, 2003). Capital intensity and human capital are the key sources of productivity growth 
(Battisti and Iona, 2009), and the level of competitiveness varies between the countries which 
relates to the different amount of investment in research and development (R&D) and 
innovation; for instance, compared to the US, the UK lags in investment and innovation (Crafts 
and O’Mahony, 2001). The labour productivity gap between sectors has also been examined 
too. Table 1.2 shows the comparisons of labour productivity by sector between nations (base 
index UK=100), where there is a significant labour productivity gap in market services in all 
three countries. 
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Table 1.1 Decomposition of comparative labour productivity levels (output per hour worked), 
2000 
 
US Germany France 
Market Economy    
Labour productivity levels (compared to UK=100) 137 125 122 
Percentage contribution to labour productivity:    
Physical capital 34 73 76 
Human capital 2 16 23 
Total factor productivity 65 11 1 
 
   
Market Services    
Labour productivity levels (compared to UK=100) 137 133 128 
Percentage contribution to labour productivity:    
Physical capital 23 56 50 
Human capital 3 16 19 
Total factor productivity 74 28 31 
Source: Broadberry and O’Mahony (2004, p. 75) 
 
Table 1.2 Comparative labour productivity levels (output per hour worked) by sector 
(UK=100) 
 
1990 1995 2000 2001 
US     
Agriculture 162 138 193 187 
Industry 152 133 145 130 
Market Services 150 136 137 139 
Market Economy 149 134 137 137 
 
    
Germany     
Agriculture 37 40 46 47 
Industry 138 115 114 114 
Market Services 146 141 133 131 
Market Economy 138 130 125 124 
 
    
France     
Agriculture 61 72 79 78 
Industry 134 120 121 120 
Market Services 170 146 128 126 
Market Economy 143 129 122 121 
Source: Broadberry and O’Mahony (2004, p. 74) 
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Studies on the labour productivity gap between and/or within sectors are evident. McKinsey 
(1998) found the labour productivity gap in the UK food retail sector compared to the US in 
1995. Griffith et al. (2003) studied the different contributions of the different sectors to the 
gap, and in common with much of the research in this period on the UK productivity gap, 
showed the importance of tackling the gap in the T&H industry. During 1990 and 2001, the 
UK productivity fell in the business services and manufacturing industry as production levels 
were rising, but the UK-US productivity gap widened in the service sectors, including hotels 
and restaurants, wholesale and retail, and financial intermediation (Griffith et al., 2003; 
Reynolds et al., 2005; Battisti and Iona, 2009). The main driver for such widening gap in the 
service sector compared to the others is, again, its poor management system, especially HRM 
(Delery and Shaw, 2001), or a fall in firm size (Brown and Dev, 2000; Haskel and Sadun, 2008; 
De Jorge and Suárez, 2014). Management practices are important in terms of how companies 
choose to compete and enhance their performance whether or not they are in a fierce 
competitive business environment (Black and Lynch, 2001; Battisti and Iona, 2009). However, 
although arguing that managerial practices are a tool for narrowing the productivity gap is 
reasonable, in practice, the impact has not been significant universally. In the case of the UK 
T&H industry, there is still a persistent gap in its productivity levels (People1st, 2015, 2017). 
The recent People1st (2017) report on productivity in T&H found that businesses are strongly 
positive about their training programmes and want to continue with them, but targeting the 
right training to the specific worker’s need is a challenge that has to be overcome. However, 
with rising costs and changing employee attitudes, traditional approaches to training and SMEs 
are being disrupted, and how well firms manage the changes and evolves their training 
framework is questionable. The determinants of labour productivity in T&H will be discussed 
further in Chapter 2. 
Given this historical issue of low productivity in the UK and specifically in the T&H industry, 
and coupled with the recent socio-economic and political changes, the latest UK government 
Industrial Strategy focusses on boosting the productivity level of the UK. The strategy 
highlights that the productivity puzzle and challenges are prevalent across the whole economy 
and is especially acute in particular sectors and regions. It stated that “some of the biggest 
opportunities for raising productivity come in sectors of the economy that have lower average 
productivity levels, but where many people work and which are vital to our economy” (HM 
Government, 2017, p. 171). In particular, the recent Tourism Sector Deal aims to back small 
business, entrepreneurs and innovators in the industry to increase in productivity and invest for 
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the benefit of local economies across the country (HM Government, 2017). The deal outlines 
a plan to introduce ‘tourism zones’ where businesses and local organisations will come together 
to establish coordinated strategies for the growth of their local visitor economy and address 
seasonality issues. This is, in effect, an example of a T&H cluster, which this current research 
investigates; this indicates the potential policy and practice significance of this research in 
terms of making more effective use of the advantage of agglomeration economies in such 
clusters. The Sector Deal also proposes the launch of a new independent Tourism Data Hub 
with input from large travel companies, which can allow T&H firms to use the big data to 
understand visitor activity and product preferences, which can contribute to their productivity 
in the long-run via such innovative operations. These policy agendas frame this current 
research on spatial clustering and labour productivity in the UK T&H industry.  
1.1.2 Regional disparities in productivity  
The UK government structures the Industrial Strategy around five foundations of productivity: 
Ideas, People, Infrastructure, Business environment and Place (HM Government, 2017). In 
particular, the regional disparities in firm productivity are large and growing across sub-regions 
and regions (McCann, 2016; Gal and Egeland, 2018). An aspect of productivity in T&H that 
has not much been investigated is the regional differences in the productivity across a nation. 
Independently commissioned reports by KPMG (2017) and Deloitte (2018) have assessed the 
UK’s regional productivity. These two reports are the most recent studies that have examined 
each region of the UK in detail. Gal and Egeland (2018) also examined regional productivity 
disparities in the UK, but this OECD working paper focusses on how to reduce such disparities 
in the UK. Yet, the two industry reports have analysed each region and country in detail. KPMG 
have assessed the potential causes of poor productivity performance across the regions in the 
UK, ranking each region in terms of its productivity level compared to the rest of the UK. 
Deloitte consulted and interviewed more than fifty businesses leaders, educators, government 
officials and others across the UK to assess the potential of each local regions to enhance 
productivity and employment levels. The report describes the performance of each region and 
nation, analysing the strengths and weaknesses. Based on these two reports, Table 1.3 presents 
a summary table of the key points for each region and country. In the Appendices, Figure A.1 
shows the map of the regions and country in the UK.  
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Table 1.3 Summary key points of each region and country in the UK 
Country Region Ranking*  Key points 
England London 1/12 • Dominance of high-value services, such as 
financial, IT, professional and administrative 
service activities which makes up around 50% of 
the total output of London. 
• High productivity levels are particularly found in 
Canary Wharf and the City of London, which has a 
strong financial sector.  
• Innovation is relatively weaker compared to the 
South East and East of England. 
 South 
East 
2/12 
 
• The region has higher than national average 
productivity in all except mining, quarry and 
agriculture. 
• Substantial investments in training and 
development of high skills. 
• Within the region, there is slow growth in 
productivity due to sectoral productivity gaps and 
increases in the share of labour in less productive 
sectors.  
 East 3/12 • Strong employment but wide productivity 
variations within the region.  
• Education attainment in the region is strong, but 
skills of young workers are relatively poor. 
• T&H sector is weak compared to the other sectors 
in the East.  
 South 
West 
5/12 
 
• This region has highest employment rate out of all 
the 12 regions and nations, but the most diverse in 
productivity levels across its sub-regions. 
• Three sectors that have performed exceptionally 
well are other services, construction and 
accommodation and food services.  
• High share of SMEs in the region; the region has 
scope to utilise growth hubs to support SMEs.  
 North 
West 
6/12 
 
• Scope for improving aggregate productivity may 
come from advancing performance of workers in 
services, which account for around 75% of the 
GVA created. 
• Partnership between the neighbouring local 
authorities and private sector has been central to 
regional economic recovery, notably in Greater 
Manchester.  
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• Relatively slow productivity growth compared to 
the rest of the UK. 
 East 
Midlands 
7/12 
 
• Strong productivity in the manufacturing sector, 
but wide productivity differences within the 
region. 
• Lincolnshire’s strengths include agri-food, 
advanced manufacturing, low-carbon economy and 
tourism. 
• Business leaders would like to see more cross-
border collaboration between the regions to 
achieve a shared vision to benefit all. 
 North 
East 
8/12 
 
• Strong employment rate post-2008. 
• Three sectors with good productivity growth – 
accommodation and food services, construction, 
public administration and defence sector. 
• Slowing productivity growth since the 2008 
financial crisis due to individual sectoral low 
productivity growth and increased share of 
employees in low productivity sectors.  
 West 
Midlands 
9/12 
 
• Strong productivity levels in manufacturing. 
• The local economy is dominated by low value 
added service sector jobs.  
• There has been growth in the IT sectors, and some 
in the service sectors, but still skills and 
productivity are lagging behind compared to the 
other regions of the UK.  
 Yorkshire 
and 
Humber 
10/12 
 
• Strength in the financial and insurance, public 
administration and transport/storage sectors.  
• Partnership between businesses, politicians and 
universities, such as the one that helped build 
Sheffield’s advanced manufacturing sector, are 
seen as a key strategy to raising productivity. 
• Skills qualifications and labour productivity lag 
behind the UK average.  
Scotland  4/12 
 
• Strong contributors to the Scottish economy: food 
and drink, energy, tourism and financial and 
professional services.  
• Aggregate labour productivity is boosted by high 
value added oil sector in North East of Scotland, 
while high value added financial services in the 
East. 
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• There are large numbers of SMEs and lacks 
relevant talent and resources. 
Wales  11/12 
 
• Manufacturing has become the most productive 
sector, but employment is low. Construction and 
retail sectors have seen modest levels of growth in 
employment and productivity. 
• Only Cardiff has advanced in economic growth, 
and the rest of Wales are lacking, thus there is a 
need for the spatial redistribution of prosperity 
from the capital.  
• Education standards are lagging behind compared 
to Scotland and England. 
Northern 
Ireland  
 12/12 
 
• Slower productivity growth since the 2008 
financial crisis. 
• Sectors like T&H, financial services and high-end 
manufacturing have improved in productivity and 
employment – but entrepreneurs in T&H sectors 
feels that they could benefit from increase strategic 
support from government.  
• High share of public sector jobs, which tend to 
have less scope for productivity improvements.  
Note: * Productivity performance ranking out of 12 based on KPMG report 
Source: KPMG (2017); Deloitte (2018) 
Table 1.3 shows that London and the South East of England are the highest performers of 
productivity growth based on the whole economy. However, productivity contributions are 
largely from financial services and technology-related sectors. Yet, London is the major tourist 
destination in the UK, both for international and domestic tourism. The East and South West 
of England also have high productivity and employment levels compared to other regions in 
England, again based on the whole economy. In the East, education attainments are strong, but 
young workers are poorly skilled. The T&H sector is weak in the East. In contrast, the South 
West region shows strengths in the T&H sector, especially in Cornwall as the local enterprise 
partnership is actively working with its T&H (Be the Business, 2015). Other regions in England 
show contributions to productivity growth mainly from the manufacturing sector, but with 
overall slow productivity growth compared to the rest of the UK. Scotland shows high 
productivity performance, with strong sectors in T&H and financial and professional services. 
Wales and Northern Ireland, on the other hand, show poor aggregate productivity growth, with 
a weak T&H sector. Northern Ireland will not be assessed in this research due to data 
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accessibility (refer to section 5.6.2). Above all, the reviews of these reports on the regions and 
countries express the high intra-regional diversity and divergence in productivity.  
Wide variations in productivity within the regions and countries is a huge concern in the UK, 
because it partly explains the low level of national productivity compared to other advanced 
economies (HM Government, 2017). Similarly, there is an uneven geographical distribution of 
tourism demand in the UK; London is a major destination for both domestic and international 
tourists in the UK (People1st, 2017). The 2018 inbound tourism visitor numbers and 
expenditure for each region and country are shown in Table 1.4. These regional variations show 
the significant geographical disparities in tourism demand and potentially, in productivity. Yet, 
there is a lack of research regarding regional productivity in the T&H context. 
Table 1.4 Visitor number and expenditure by each region and country, 2018 
Country Region Visitor number Visitor expenditure 
England London 19.1 million £12.3 billion 
 South East 4.9 million £2 billion 
 East 2.2 million £704 million 
 South West 2.4 million £1.1 billion 
 North West 3.1 million £1.4 billion 
 East Midlands 1.3 million £527 million 
 North East 466,000 £293 million 
 West Midlands 2.1 million £836 million 
 Yorkshire and Humber 1.4 million £604 million 
Scotland  3.5 million £2.2 billion 
Wales  941,000 £405 million 
Source: VisitBritain (2019, p. 7) 
The strong regional disparities in productivity in the UK have been shown above, and 
conceptualisation of the uneven distribution of growth and/or productivity has been a well-
established issue in the literature of economic geography (Martin and Sunley, 1998; Gardiner, 
Martin and Tyler, 2011). There are many approaches to explaining the regional differences in 
productivity across a national economy (Baldwin and Martin, 2004). Three major theories to 
explain regional productivity growth are: neoclassical growth theory, endogenous growth 
theory and new economic geography.  
Neoclassical growth theory refers to the traditional production function and assumes that 
regional productivity differences occur due to the regional differences in the growth of capital, 
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labour and technology (or the rate of technical progress) (Acemoglu and Dell, 2010). It argues 
that regional convergence can happen over time via regions of low productivity catching up 
with regions that originally had high productivity over time (Aiello and Scoppa, 2000). Under 
this theory, the key assumptions are constant returns to scale and diminishing returns to labour 
and capital. However, this has been criticised by scholars because when there is an increase in 
capital but a decrease in marginal productivity, productivity declines over time (Gardiner, 
Martin and Tyler, 2004). Thus, exogenous technology has been included so that this can 
determine long-term growth exogenously.  
Endogenous growth theory seeks to account for the limitation of the neoclassical growth theory 
by including the increasing returns in the production function to enable long-term growth 
within the model, i.e. endogenously (Martin and Sunley, 1998). This theory focusses on human 
capital, innovation and knowledge, where Romer (1990) assumes the rate of technological 
knowledge as a function of growth in human capital. Similar to the neoclassical growth theory, 
regional convergence can occur via the catch-up process, but this depends on the degree of 
regional diffusion of technology and knowledge or the movement of knowledgeable workers 
(Gardiner, Martin and Tyler, 2004). However, knowledge or technology spillovers tend to be 
localised, which can cause regional divergence instead. This led to the emergence of new 
economic geography. 
New economic geography introduced the concept of spatial clustering and agglomeration of 
specialised economic activity, which generates localised increasing returns, to explain regional 
patterns of productivity (Gardiner, Martin and Tyler, 2004). This has led to the term ‘core-
periphery’ patterns of productivity (Krugman, 1991b). Agglomeration may enhance economic 
growth via localised externalities, such as higher degree of knowledge spillovers and larger 
markets (Bosker, 2007). Locally embedded social, cultural, political and institutional structures 
can also influence the degree of agglomeration and its localised effects (Martin, 2003). This 
implies that some regions can be of high productivity and others of low productivity. Yet, 
spillover effects of agglomeration across local boundaries can generate potential regional 
convergence (Phelps, 2004; Broersma and Oosterhaven, 2009; Li, Wang and Zhang, 2017). 
This is one of the main theoretical perspectives and interest of this current research, which will 
be discussed in Chapter 3. 
In T&H productivity studies, the regional dimension has not been explored or examined in 
much detail. This is a major research gap despite the significance of place and space in travel 
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and T&H. Given the evidence of regional disparities in productivity across the UK, and also 
potentially in the T&H industry due the uneven distribution of tourists in general across the 
UK, such research is timely and necessary to address the problem. 
1.2 Research aim and objectives 
The aim of this research is as follows: 
To investigate the impact of spatial clustering of tourism and hospitality (T&H) firms 
on the labour productivity of T&H in the UK. 
To achieve this aim, this research has five objectives: 
1. To examine the impact of the degree of clustering of T&H firms on their labour 
productivity within a spatial unit. 
2. To analyse the impact of agglomeration economies – labour market pooling and 
knowledge spillovers – on the labour productivity of T&H firms within a spatial unit. 
3. To estimate the spatial spillover effects of labour productivity of T&H firms on the 
neighbouring spatial units. 
4. To estimate the spatial spillover effects of agglomeration economies on the labour 
productivity of T&H firms in the neighbouring spatial units. 
5. To examine the spatial variations and patterns of the labour productivity of T&H firms, 
and their relationship with agglomeration economies. 
1.3 Key terminologies 
The key terminologies used in the current research are specified as follows: 
Labour productivity of T&H firms refers to the T&H gross value added over total worked 
hours of T&H employees. This term may also be written as ‘T&H labour productivity’. 
This research will follow the definition of T&H cluster provided by Weidenfeld, Butler and 
Williams (2011, p. 596), which defines it as: “an array of linked industries and other entities, 
such as accommodations, attractions, retail outlets, associations and public agencies, which are 
in competition and which provide complementary products and services as a holistic tourism 
experience.” The following sub-section will elaborate on the scope of T&H clusters that this 
research will define. 
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Spatial clustering refers to when firms and/or industries gather or co-locate together in a 
specific region, which is called a cluster. The term ‘clustering’ will always refer to spatial 
clustering in this research. 
Cluster refers to an area where there is a concentration of firms and/or industries linked by 
commonalities and complementarities. 
Agglomeration refers to the spatial concentration of related firms. This term will be used 
interchangeably with ‘cluster’. 
Agglomeration economies refers to Marshall’s concept of external economies of scale of 
clustering, which he categorised into three elements: input-output linkages, labour market 
pooling and knowledge spillovers. 
1.4 Scope of tourism and hospitality (T&H) cluster  
Given that this current research will look at the spatial clustering of T&H firms, it is important 
to outline the scope of T&H clusters in the context of this research. Clusters are: 
 “geographic concentrations of interconnected companies and institutions in a 
particular field, linked by commonalities and complementarities” (Porter, 1998a, p. 78).  
As the T&H industry is a service industry, T&H clusters can be considered as service-oriented 
clusters. Hsieh and Lee (2012) categorised service-oriented clusters into two: network-based 
service clusters and consumption-based service clusters. The former refers to when inputs are 
produced within the clusters, but outputs are delivered and consumed outside the clusters; the 
latter refers to clusters were the services are produced and consumed within the clusters. T&H 
clusters can be perceived as consumption-based service clusters as the services are produced 
and consumed simultaneously in a specific place and time (Majewska, 2015) and specialised 
suppliers tend to be identified in such clusters (Hsieh and Lee, 2012). Examples of 
specialisation are retail, professional services and service-based T&H. Porter (1998b) 
mentioned entertainment and casinos in Las Vegas, Jackson and Murphy (2006) examined 
regional tourism clusters in Australia, Novelli, Schmitz and Spencer (2006) presented the UK 
healthy lifestyle tourism cluster and Bernini (2009) analysed clusters in convention 
destinations. These examples of T&H clusters are essentially demand-driven as firms tend to 
localise in a destination-based structure to support the relevant goods and services to the 
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tourists but also local residents. Therefore, T&H clusters can be seen as a geographic 
concentration of interrelated and interdependent T&H firms (Chhetri et al., 2017). 
It is important to note that the purpose, function and size of T&H clusters may vary and thus 
there are different types of T&H clusters. Some clusters may be planned, for example, building 
an industrial district, e.g. coastal tourism clusters in Spain (Marco-Lajara, Claver-Cortés, et al., 
2016b), or others can occur spontaneously or randomly due to market forces, which tend to be 
service-oriented clusters. For example, there are T&H micro-clusters where a small number of 
T&H firms co-locate in a specific geographical location and interact with each other to enhance 
their specialisation and performance (Michael, 2003). Industrial clusters, which are purposely 
built, aim to attract interdependent firms, knowledge producing agents and institutions to 
promote growth (Pyke, Becattini and Sengenberger, 1990). Examples of industrial T&H 
clusters can be found in Macau and Las Vegas in gambling tourism (Porter, 1998b). There are 
also regional T&H clusters, which are typically geographically extended industrial clusters. 
Such clusters occur when tourism growth begins to spillover to neighbouring regions (Yang 
and Fik, 2014). T&H clusters can be virtual, where T&H firms cluster and compete and 
cooperate via digital platforms. An example would be online booking companies that cluster 
together in virtual space and operate collaborative networks to enhance performance. The 
phenomenon of clustering allows firms, sectors and regions to improve in performance and 
competitiveness, but there is a lack of research on T&H clusters despite their existences in 
tourist destinations. 
There are different types of T&H cluster that can be adopted, but this current research will 
follow the definition of T&H cluster provided by Weidenfeld, Butler and Williams (2011, p. 
596): 
“an array of linked industries and other entities, such as accommodations, attractions, 
retail outlets, associations and public agencies, which are in competition and which 
provide complementary products and services as a holistic tourism experience”.  
Additionally, the concept of regional T&H clusters will be adopted to examine the effects of 
spillover effects across adjacent neighbouring regions. When defining the “array of linked 
industries and other entities”, this research defines these as all the T&H-related sectors based 
on the T&H Standard Industrial Classification (SIC) 2010 codes categorised by the Office for 
National Statistics (Table A.1 in Appendices). This is because the industry SIC codes follow 
the recommendations set out in the UNWTO/OECD recommendations on tourism statistics, 
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i.e. the International Standard Industrial Classification of All Economic Activities presented in 
the International Recommendations for Tourism Statistics 2008 (UN, 2010, in Annex 3), but 
also because of data accessibility limitations (section 5.6). In this research, T&H clusters will 
refer to the geographical concentration of T&H firms in an explicit spatial unit, which will be 
local authority district (section 5.5.3). 
1.5 Structure of thesis 
This thesis is organised in eight chapters. The current chapter introduced the research 
background and rationale, the study context, set out the research aim and objectives, the key 
terminologies used throughout this thesis and the scope of T&H clusters that this research 
adopts. The subsequent chapters are structured as follows.  
Chapter 2 critically reviews the concept of productivity, focussing on labour productivity in 
the T&H industry. This chapter will discuss the gap between the productivity in T&H and the 
other sectors of the economy. As this research is centred on the UK T&H industry, the chapter 
will also review literature and evidence on the T&H labour productivity in the UK. In light of 
this, the determinants of labour productivity will be critically evaluated to show how labour 
productivity is influenced in firms and industries, suggesting the potential causes of the gap.  
Chapter 3 critically reviews the concept of spatial clustering and agglomeration economies in 
the T&H industry. This chapter will discuss the origins of spatial clustering, the importance of 
competition and agglomeration economies, and how it impacts on labour productivity of firms 
within a cluster. Relevant T&H literature will be critically reviewed to identify the research 
gap in the scholarship, and throughout the chapter, the subsequent research hypotheses will be 
developed and proposed. The conceptual model will be illustrated in this chapter. 
Chapter 4 introduces the methodological framework of this research, justifying the researcher’s 
positivist philosophical position and the quantitative deductive research approach. Then the 
specific details of the methods of data analysis used to fulfil the research aim and objectives 
and test the research hypotheses will be explained in Chapter 5. This chapter will review the 
methods of exploratory spatial data analysis (ESDA), spatial econometric modelling (global 
estimation) and geographically weighted regression (GWR; local estimation) modelling, which 
are the main research methods employed in this research. The specific model specifications 
will be presented, including the relevant variables of the model. This chapter will also review 
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past measurements and justify the selection of each variable construct. Data description from 
data access, source to processing will also be explained in the chapter.  
Chapter 6 and Chapter 7 are the empirical findings and analyses. Chapter 6 will present the 
results of the ESDA on the labour productivity of T&H firms. Prior to the econometric 
analyses, this chapter aims to provide exploration of the spatial data and the patterns of spatial 
interaction and/or variation which can subsequently be identified and accounted for by more 
sophisticated analyses. The descriptive statistics and specification of the spatial weights matrix 
will be presented, and based on the chosen spatial weight matrix, the global and local spatial 
autocorrelation will be analysed. Chapter 7 will present the spatial panel model estimations of 
spatial clustering and agglomeration economies on the labour productivity of T&H firms in the 
UK. The global estimation of such impact will be analysed, that is for both the static and 
dynamic spatial panel Durbin models. Then the local estimation using GWR modelling will 
examine the spatial variation of the relationship between spatial clustering and agglomeration 
and T&H labour productivity within and between the spatial units, which provides further 
insights on the relationship at a local level. 
Lastly, this thesis will conclude with Chapter 8, which will summarise the key findings of this 
research, discuss its significance and theoretical, methodological and managerial implications. 
The key limitations of this current research will be acknowledged, alongside with 
recommendations for future research.  
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Chapter 2 Productivity in the Tourism and Hospitality Industry 
2.1 Introduction 
Productivity is acknowledged as a long-term driver of economic growth. Krugman (1997, p. 
11) noted that “productivity isn’t everything, but in the long run it is almost everything”. 
Additionally, the OECD (2015, p. 11) reported in The Future of Productivity that productivity 
is about “working smarter” and reflects the ability to produce more output by a better 
combination of inputs. This puts productivity as a key objective for national governments 
(Crafts and O’Mahony, 2001). Output per worker (labour productivity) is a key indicator used 
for productivity, and it is of greater interest and importance as it is closely associated with the 
national standard of living. On an organisational level, a higher level of labour productivity is 
assumed to imply a higher rate of efficiency and effectiveness of the workforce, generating 
higher business performance and competitiveness (Grönroos and Ojasalo, 2004; Battisti and 
Iona, 2009). This is the case for the UK (Crafts and O’Mahony, 2001; O’Mahony and De Boer, 
2002; ESRC, 2003). Improving labour productivity in tourism and hospitality (T&H) firms is 
important (Brown and Dev, 2000), and varying levels of human resource management (HRM) 
practices are evident in the industry (Madera et al., 2017). However, despite there is evidence 
of investments in training and education to improve skills, the UK T&H industry is known to 
suffer from skills deficiency and low levels of productivity, forming a significant inter-sectoral 
productivity gap between T&H and the other sectors of the economy (People1st, 2015). T&H 
labour conditions are low in pay and poor in working conditions, making labour recruitment a 
challenge, and a lack of internal career development opportunities makes retention difficult 
(Baum, 2013). Due to these issues, the inter-sectoral productivity gap is a big concern 
(People1st, 2015). This gap needs to be tackled for the sector to thrive, but also for the 
enhancement of productivity, the delivery of quality services and higher wages. Initial 
strategies of training and learning are insufficient, and managerial efforts are somewhat lacking 
in making a change to this situation. Thus, this research seeks to bring new methods to the 
analysis of the persistent problem of low productivity in the sector. This should add to the 
understanding of productivity in the UK T&H industry via fresh theoretical perspectives and 
innovative methods.  
First, this chapter will critically review the concept of productivity, focussing on labour 
productivity due to its strong relevance to the T&H industry. The chapter will begin with the 
root concept of productivity, a concept originally developed in the context of the manufacturing 
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sector that was subsequently introduced to the services sector. Following on, the concept of 
service productivity will be introduced, comparing the differences with the traditional concept 
of productivity. This will be furthered by focussing on the labour productivity in the context of 
the T&H industry and discussing the gap between the productivity in T&H and the other sectors 
of the economy. Literature on productivity and its gap reviewed in this chapter will be in 
context of developed economies in most cases, unless stated otherwise. As this research is 
centred on the UK T&H industry, the chapter will also review literature and evidence on the 
T&H labour productivity in the UK. In light of this, the determinants of labour productivity in 
T&H will be critically evaluated to show how labour productivity is influenced in firms and 
industries, suggesting the potential causes of the gap. This leads to a focus on spatial clustering, 
an important but neglected aspect of T&H labour productivity. This is explored near the end 
of the chapter and will be further reviewed in-depth in the following chapter. 
2.2 Productivity 
The concept of productivity originates from the traditional manufacturing and production 
industry, where both the input and output of production are relatively easily measured and 
quantified (Grönroos and Ojasalo, 2004; Joppe and Li, 2016). It is expressed as a simple ratio 
of total output to total input (e.g. Burgess, 1990; Gummesson, 1998; Syverson, 2011). Yet, the 
concept of productivity is more complex and multidimensional (Prokopenko, 1987) than it 
appears at first sight (Burgess, 1990; Grönroos and Ojasalo, 2004). It refers to how much output 
is produced from a fixed set of inputs (Syverson, 2004a), and how effectively input resources 
are transformed into output that produces an economic gain for the provider and value for the 
customer (Grönroos and Ojasalo, 2004). Both efficiency and effectiveness of production must 
be considered, not just the inputs and outputs, when measuring or managing productivity as 
they are key to minimising the costs and maximising the output (Hoque and Falk, 2000; 
Johnston and Jones, 2004; Balci, Hollmann and Rosenkranz, 2011; Agya Yalley and Singh 
Sekhon, 2014). The complexity also arises in the context of the service sector which is 
addressed in section 2.3.  
Productivity is regarded as an important measure that reflects past and influences future 
economic growth (Burgess, 1990). It is a long-term driver of economic growth (Ball, Johnson 
and Slattery, 1986; Ding, Guariglia and Harris, 2016). An increase in productivity means an 
increase in wages and profits for firms, which ultimately raises the national gross domestic 
product (GDP) and standard of living (Ball, Johnson and Slattery, 1986; Battisti and Iona, 
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2009). However, this argument has been questioned since 2008, when decoupling occurred 
between wage and productivity. This refers to the phenomenon of wage growth lagging behind 
productivity growth (Pessoa and Van Reenen, 2013b). Over the period of 1995-2014, 
decoupling has been evident in the OECD economies as a whole, which can be explained by 
the decline in labour shares and in the ratio of median to average wages, a partial measure of 
wage inequality (Schwellnus, Kappeler and Pionnier, 2017). In the UK, during the period 1972-
2010, until 2007, there was negative decoupling, i.e. growth in wages were higher than in 
productivity, especially in the T&H sector (186% compared with 76%) (Pessoa and Van 
Reenen, 2013b). However, since 2008, the situation reversed and decoupling has been a 
concern in the economy. It has become evident that raising productivity is insufficient to raise 
real wages (Schwellnus, Kappeler and Pionnier, 2017), and this weakens the relationship 
between wages and productivity (LSE Growth Commission, 2017). Yet, Pessoa and Van 
Reenen (2013) suggested that improving skills in the labour market can help boost productivity 
and real wages, and with the latest Industrial Strategy, improving the level of productivity is at 
the forefront of policy-making in the UK (HM Government, 2017; Tetlow, 2017).  
There are different types of productivity, of which the two main are: total factor productivity 
(TFP) and single factor productivity (Singh, Motwani and Kumar, 2000). TFP measures the 
ratio of output to different inputs – labour, capital and residual (knowledge and technology) 
(Burgess, 1990; Romer, 1990). The TFP difference reflects the difference in output produced 
from a fixed set of inputs (Syverson, 2011). In contrast, single factor productivity measures the 
output per unit of a specific input; it is a partial measure of productivity. Conceptually, TFP is 
a stronger measure of productivity than single factor productivity, such as labour productivity, 
as it takes into account of all the inputs of production (Reynolds et al., 2005). However, it is 
technically and statistically challenging to aggregate the complete factors, which are often 
interchangeable, and measure productivity (ibid.). These are also often a data limitation, as in 
the current research, and thus this research will focus on single factor productivity, i.e. labour 
productivity, in which from now on, the literature review will mainly to focus on labour 
productivity. ‘Productivity’ will refer to labour productivity, unless specifically stated. 
Labour productivity is commonly used and favoured by the industry and government as it is 
most highly correlated with the improvements in living standards and reflects long-term 
economic growth (Battisti and Iona, 2009). In particular, organisational resources can be 
considered a sustainable competitive advantage as they create value (Datta, Guthrie and 
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Wright, 2005), of which labour is a key resource (Becker and Gerhart, 1996; Becker and 
Huselid, 1998; Delery and Shaw, 2001). With skilled labour, human capital is considered an 
important asset for firms, but also in the perspective of the workers, skills can enhance their 
productivity and wages (Haskel, Hawkes and Pereira, 2005; Kilic and Okumus, 2005; 
Syverson, 2011; Benavides-Chicón and Ortega, 2014). The most common measure of labour 
productivity is output per worker or hour worked (Battisti and Iona, 2009; Syverson, 2011). 
Other measures of labour productivity include financial measures such as revenue over labour 
costs, or revenue over number of employees (e.g. Ball, Johnson and Slattery, 1986; Grönroos 
and Ojasalo, 2004), and (gross) value added per worker or hour worked (e.g. Rigby and 
Essletzbichler, 2002; Eriksson and Lindgren, 2009). Value added per worker or hour worked 
is a popular measure of labour productivity as it overcomes the heterogeneity of outputs in 
hotels, and captures price differentials which can reflect quality disparities (Griffith et al., 
2003; Marchante and Ortega, 2012). Value added measures are also not distorted by the 
variation in the extent of franchising operations of different T&H firms, unlike measures such 
as total revenue (Baker and Riley, 1994). Partial measurements are relatively easier to measure 
than TFP as it only focusses on one single factor; but it is criticised for being affected by the 
intensity of the use of excluded input. The labour productivity measure employed in this 
research will be further discussed in Chapter 5 (section 5.5.4.1). 
One of the key challenges of the productivity concept is the definition and measurement (Kilic 
and Okumus, 2005). Theoretically, productivity is an objective measure, but in practice, it is 
rather relative based on the difference in time, physical region and scale (e.g. industry, firm, 
individual) (Burgess, 1990). There is the essential problem of identifying and measuring the 
inputs and outputs that are consistent across different sectors, firms and individuals, making 
the measure of productivity itself inaccurate (Nachum, 1999; Brown and Dev, 2000; Griffith 
and Harmgart, 2005). Productivity estimates are more familiar in the manufacturing industry 
compared to the public or service sector; this is mainly due to the difference in nature of 
(in)tangibility (Levitt, 1976; Burgess, 1990; Jones, 1998). The tangible nature of input and 
output of manufacturing goods makes it relatively easier to measure and quantify productivity. 
In contrast, services are intangible in nature, and other features associated with the service 
sector also play a key role in the challenges to studying productivity in such context (Jones, 
1998; Brown and Dev, 2000; De Jorge and Suárez, 2014). For example, evaluating hotel 
performance is more difficult to measure than production and consumption in the 
manufacturing industry because services are created and consumed instantly (Yu and Lee, 
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2009). The intangible, simultaneous and inseparable nature of the production and consumption 
of services makes it difficult to define a unit of service input or output, and therefore by 
extension, so is productivity (Johnston and Jones, 2004; Kilic and Okumus, 2005). The next 
sub-section will discuss the importance of productivity in the service industry and how it differs 
from the traditional productivity concept derived from the manufacturing industry.  
2.3 Service productivity 
Productivity has always been at the heart of the manufacturing and production industry, but a 
rapid sectoral shift to the service industry has led to increasing attentions on service 
productivity. There has been a major shift in production and employment from manufacturing 
towards services (Kilic and Okumus, 2005). From 1978 to 2016, the proportion of jobs 
accounted for by the manufacturing, mining and quarrying sectors fell from 26% to 8%, leading 
to a high share of labour input in market services – percentages rose from 63% to 84% in the 
same period (Clegg, 2016). The growing importance of services and its sector implies an 
increasing weight in its levels of output and productivity (Russell, 2009). This has contributed 
to a long-term slowdown in the productivity growth in the developed economies and has been 
especially marked in the classic low growth sectors like hospitality, retailing, construction and 
administrative services (LSE Growth Commission, 2017). However, the aggregate 
productivity growth in services has been lower than the manufacturing, and Baumol (1967 
cited in Van Ark, O’Mahony and Timmer, 2008) expressed this as a cost disease of the service, 
which is still applicable to the service sector today. His argument was that as the service sector 
is labour-intensive, it is difficult to substitute capital for labour, and thus productivity 
improvements are less likely than in manufacturing industries (ibid.). However, critics have 
claimed the advancement of technology and increases in innovation have led to a rise in 
productivity in service sectors, such as in finance and high-technology industries (Black and 
Lynch, 1996; O’Mahony and De Boer, 2002; Porter and Ketels, 2003). Though, the 
productivity paradox signalled how an increase in information technology (IT) applications in 
the service industry did not enhance the measured productivity level (Brynjolfsson and Hitt, 
1998). 
It is important to understand that the traditional productivity concept is not applicable in the 
context of the service industry. This is partly due to the difference in nature of the industries. 
The manufacturing industry is a closed system where production and consumption are separate 
processes and consumers do not participate in the production process (Grönroos and Ojasalo, 
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2004). Input and output are physical and tangible in nature, which are easily measured and 
observed. In contrast, the service industry is a relatively open system where customers are 
involved directly in the production and consumption of the provided good or service (ibid.). 
Services are intangible, heterogeneous, inseparable, simultaneous and perishable, especially in 
the case of T&H (Yu and Lee, 2009). This means that the interaction between the supplier and 
consumer is inevitable in the value creation process of services, and the efficiency and 
effectiveness of labour is crucial in service quality, customer satisfaction and business success 
(Burgess, 1990; Nachum, 1999; Grönroos and Ojasalo, 2004; Joppe and Li, 2016). This will 
ultimately lead to better labour performance and co-production by consumers. 
In services, productivity and service quality are inseparable due to the simultaneous nature 
production and consumption in the industry (Gummesson, 1998; Grönroos and Ojasalo, 2004). 
The role of the customers in creating both quality and productivity is essential in services 
(Gummesson, 1998). Service productivity thus is more complex than a simple relationship 
between input and output as specified in the traditional productivity concept. Efficiency is key 
and Grönroos and Ojasalo (2004) claimed that not only the management of internal efficiency 
(efficient use of inputs to produce output), but also the external efficiency (perceived service 
quality) and capacity efficiency (capacity of service process) are key for service productivity. 
However, there have been debates on whether the output quality should be or can be separated 
from productivity. Yet, researchers have agreed that it is important to consider both input and 
output to ensure persistent productivity enhancement for long-term firm benefits (Joppe and 
Li, 2016). Improving productivity can either have a positive or negative impact on services; if 
it is negative, then this will lead to a decline in customer satisfaction, revenue and the overall 
economic result for the service provider (Grönroos and Ojasalo, 2004). Thus, the traditional 
productivity concept is significantly different from service productivity.  
However, most studies on service productivity fail to include the intangible elements within 
the concept due to measurement issues. When evaluating hotel performance, for example, it is 
more difficult to measure production and consumption than in the manufacturing industry as 
services are created and consumed instantly (simultaneity and perishability in services), and it 
involves the complex elements of service quality and customer satisfaction within productivity 
(Yu and Lee, 2009). Johnston and Jones (2004) distinguished operational productivity and 
consumer productivity (which includes satisfaction) to elicit service productivity, but 
theoretical bases are still lacking and the complexity and diversity of services make it 
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challenging to accurately measure service productivity. It is theoretically evident that quality 
reflects price and revenue reflects customer satisfaction, but it cannot be said that they are 
equivalent as value is a subjective measure; for instance, the hotel quality can be poor but the 
value can be still obtained through low cost of travelling to the destination, or vice a versa 
(Joppe and Li, 2016). Yet with a cost reduction, positive service productivity can be achieved 
when delivering the same service quality as before the cost reduction. Furthermore, different 
market structures may have different prices and competition, which also makes it difficult to 
capture service productivity. Given this, defining a unit of service input or output is 
challenging, and by extension, so it is for productivity (Johnston and Jones, 2004; Kilic and 
Okumus, 2005). In this research, despite the importance of these intangible elements of 
(service) productivity, they could not be operationalised into the productivity measure due to 
data limitations. 
Cost and revenue are commonly mentioned as measures of productivity in the existing 
literature. Grönroos and Ojasalo (2004), for example, measure service productivity as ratio 
between revenue and cost. They claimed that the only “theoretically correct and practically 
relevant” measure is a financial measure considering the cost effect of internal efficiency and 
revenue effects of external efficiency (Grönroos and Ojasalo, 2004, p.421). However, this very 
much blurs the border line of productivity and profitability; Gummesson (1998) argued that 
profitability, quality and productivity are inter-linked and separating these three is not suitable. 
The three elements, in combination, serve to make service operation efficient. Lehmann and 
Koelling (2010) also summarised that service productivity can be seen as a profitability concept 
rather than a efficiency concept due to the complexity of services in terms of its open system 
and consumer participation in the value creation process. However, this research will focus on 
productivity alone due to the research gap in T&H productivity (refer to section 2.4) as well as 
the importance of productivity in terms of long-term growth and survival of firms. 
Owing to these challenges, studies on productivity have been scarce in the service industry not 
least because productivity models used from manufacturing are considered problematic in the 
context of services, particularly in the T&H context (Grönroos and Ojasalo, 2004; Johnston 
and Jones, 2004). Scholars such as Grönroos and Ojasalo (2004) and Johnston and Jones (2004) 
have introduced distinctive service productivity models, which suggest the importance of 
customers as producers and their contribution to productivity. This has been supported by other 
scholars (e.g. Lehmann and Koelling, 2010; Grönroos and Ojasalo, 2015; Joppe and Li, 2016), 
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but the difficulty with quantifying such aspects limits the scope for empirical research. This is 
in particular in T&H, which the next section will review. 
2.4 Productivity in tourism and hospitality  
Productivity in the context of T&H is similar to service productivity. Due to the intangible 
nature of the industry, measures of service quality and customer satisfaction are central to 
capturing productivity. It is not just about the delivery of quality services, but also the 
experience in a specific environment, which adds value to services or the re-bundling of 
different services (Richards, 2011; Joppe and Li, 2016). However, it is difficult to measure 
these systematically. Following the traditional approach, the input and output measure in 
productivity is clear and distinct. In T&H, there are physical, financial and operational 
measures of productivity. Table 2.1 shows some examples of input and output measures of 
productivity.  
Table 2.1 Examples input and output measures of productivity 
 Output Input 
Physical measures Total number of rooms sold 
Total number of guests/visitors 
Total number of meals produced 
Restaurant covers 
Total number of rooms 
available  
Total number of employees  
Total labour hours  
Financial measures Room sales and revenue 
Revenue 
Total/Gross value added 
Gross domestic product 
Tourism receipts 
Net profit after tax 
Total labour cost/ payrolls 
Total cost of resources  
Operational measures Total number of guests/visitors 
Source: Ball, Johnson and Slattery (1986); Grönroos and Ojasalo (2004); Johnston and Jones 
(2004); Joppe and Li (2016) 
Observing Table 2.1, the importance of the guests and employees, i.e. human-related 
encounters in the process of production and consumption, is evident. For successful delivery 
of quality services and tourist experience, the role of human capital or the workforce is 
significant in T&H, a highly labour-intensive industry (Blake, Sinclair and Soria, 2006; Keller 
and Bieger, 2007). As mentioned under service productivity, the simultaneity of and the 
interaction in the process of production and consumption of services is especially relevant with 
T&H experiences. Bhagwati (1984 cited in Joppe and Li, 2016) referred to this as person-
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embodied services, and it can be suggested that these services are less influenced by 
technological advancement. Despite there being increasing automation in T&H, for example, 
self-check-in machines in airports and hotels (Melian-Gonzalez and Bulchand-Gidumal, 2016), 
the implementation of advance technology and investment in research and development (R&D) 
are relatively minimal and limited due to the high costs regarding the purchase of new 
technology and the lack of relevant skills to use it.  
It is also important to acknowledge that the measures in Table 2.1 are more applicable in the 
context of the hospitality firms (e.g. hotels and restaurants) in comparisons to tourism firms 
and attractions, where businesses or attractions are public and/or private (Bordas and Rubies, 
2001). The productivity performance will be different between public and private businesses. 
The number of employees, hours worked, types of employees, level of turnover, output and 
gross value added (GVA) of the entity will vary depending on being public and/or private 
sector operated (ibid.). For example, for natural and cultural attractions it will be necessary to 
consider the number of visitors rather than guests in the context of hotels. The types of 
employees and their level of skills will be different depending on the type of attractions and 
whether the business is public and/or private, and there is also likely to be difference in reliance 
on voluntary labour. Thus, the extent to which the measures of productivity shown in Table 2.1 
is questionable in terms of capturing the full productivity for both T&H businesses. Yet, it is 
evident to see the use of value added measures in the T&H context as it overcomes many issues 
related to the heterogeneity of outputs in hotels and captures price differentials (e.g. People1st, 
2015; Pham, 2019), which the current research adopts (section 5.5.4.1). 
Productivity in T&H has historically been significantly lower than in other sectors of the 
economy, in the case of developed economies (Keller and Bieger, 2007; Battisti and Iona, 
2009; People1st, 2015; Forth and Rincon-Aznar, 2018). The reasons for this low productivity 
in T&H and the significant gap between the other sectors are strongly related to the nature and 
characteristics of the T&H workforce despite the significant importance of human resources 
for T&H productivity. The T&H workforce is well-known for its low-skilled, seasonal, 
temporary and transient nature, where there is a high proportion of part-time or flexible 
working contracts and marginal workers, i.e. young students, women, ethnic minorities and 
migrants (Baum, 2007, 2013; Baum et al., 2007; Joppe, 2012). However, previous studies from 
various sectors have provided interesting insights that should further be examined in the 
context of T&H regarding the negative implications of such characteristics. For example, a 
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higher proportion of female employees can enhance labour productivity due to their qualities, 
such as showing greater awareness of subtle body language, abilities for multi-tasking, more 
holistic approaches to problem-solving and decision making, and more inclusive management 
style adoptions (Rosener, 1997, cited in Joppe and Li, 2016). Li and Prescott (2009) found 
evidence that migrant workers enhance productivity in the case of the Canadian service sector. 
A large share of part-time contracted workers was found to be more productive than firms with 
a larger share of full-time workers (Nelen, De Grip and Fouarge, 2011). Yet, this may not be 
the case of the T&H. With low-pay, unfavourable working hours, limited opportunities for 
future career advancements, lack of employee motivation and continuous rise in costs, the T&H 
industry faces high labour turnover rates and low retention rates, and further challenges in 
labour recruitment, which exacerbates the productivity gap (Baum, 2007, 2015). This gap 
needs to be tackled for the sector to thrive, which can be driven by different determinants of 
labour productivity (section 2.5).  
An aspect of productivity in T&H that has not much been investigated is the regional 
differences in productivity across a national economy. The strong regional disparities in 
productivity in the UK have been illustrated in Chapter 1 and, theoretically, the uneven 
distribution of growth and/or productivity has been a well-established issue in the literature of 
economic geography (Martin and Sunley, 1998; Gardiner, Martin and Tyler, 2011). There are 
many attempts to explain the regional differences in productivity across a nation (Baldwin and 
Martin, 2004). Three major theories – neoclassical growth theory, endogenous growth theory 
and new economic geography – have been discussed in section 1.1.2, which explain the concept 
of regional productivity growth. However, in T&H productivity studies, the regional dimension 
has not been empirically examined. This is a major research gap despite the significance of 
place and space in travel and T&H; the current research will consider the issue of regional 
differences in T&H productivity across the UK, adopting the new economy geography 
approach and especially drawing on the concept of agglomeration economies – this will be 
reviewed in Chapter 3. 
Research findings often tend to be context specific. Therefore, given this research context is 
on the UK T&H industry, from this following sub-section to the end of the chapter, the majority 
of the literature review and discussions will centre on the UK T&H industry. 
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2.4.1 The UK tourism and hospitality industry 
In the UK, T&H has had one of the fastest growths in employment and gross value added 
(GVA) since the 2008 global financial crisis. Between 2009 and 2017, the T&H industry’s 
contribution to employment rose by 7.4% (WTTC, 2018). Between 2008 and 2015, the high 
growth in T&H GVA compared to the other sectors of the economy is illustrated in Figure 2.1 
– there was a 52% increase for T&H, whereas the economy as a whole only expanded by 28% 
(People1st, 2017).  
Figure 2.1 GVA across different sectors in the UK, 2008-2015 
 
On the contrary, despite being a thriving sector and a significant contributor to the output and 
employment growth in the UK, productivity, measured as GVA per capita, is surprisingly low 
compared to the rest of the economy, and even compared to other labour-intensive sectors, 
such as retail (Figure 2.2). 
T&H in the UK is known as a low value added and productivity sector (People1st, 2017). There 
have been extensive discussions about the causes of such low productivity in the sector. On the 
supply-side, the low wage, low-skilled workforce and the inefficient resource allocation 
characterises the low UK T&H productivity, but also the UK T&H sector has one of the 
weakest innovation rates amongst the other sectors (Be the Business, 2015). On the demand-
side, the sector is vulnerable to high and unpredictable demand variations – seasonality can 
vary from months, weeks to days, which poses large challenges for efficient staff scheduling 
and productivity (Smeral, 2003). The UK T&H industry is also at the forefront of digital 
revolution, especially the growth of digital platforms and social media. This can create new 
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opportunities for innovation and productivity-enhancement but increasing competition and 
pressures prices can also lead to adverse effects.  
Figure 2.2 GVA per capita of different sectors in the UK, 2015 
 
With rising costs and limited resources in the UK, labour recruitment is a challenge for the 
industry (Baum, 2006, 2013; People1st, 2017) and there is a rising issue of high labour turnover 
and low retention rates in the UK T&H industry, which further damages the competitiveness 
and productivity of the industry (Bloom and Van Reenen, 2011; People1st, 2013, 2015, 2017; 
MAC, 2014). Employers are heavily reliant on marginal workers, which includes a rapid 
growth in the number of low-skilled migrant labour in the UK (Shaw and Williams, 2009; 
Joppe, 2012; Paraskevopoulou et al., 2012; Baum, 2013; Tourism Alliance, 2015). Recent 
reports highlighted the large share of elementary occupations, i.e. jobs that do not require 
formal qualifications, in the UK T&H industry which are favourable to migrant workers (Cebr, 
2014; WTTC, 2015). Several researchers emphasised the importance of migration and migrant 
workers in the T&H industry as they are more willing to accepts jobs with unsociable working 
hours, irregular shifts and low wages than the locals (Baum, 2006, 2015; Williams, 2007a; 
People1st, 2013). Especially in the hotel sector, large hotel chains or hotels that have been 
dominated by multinational corporations are increasingly outsourcing their labour and are 
heavily reliant on migrant labour to minimise their costs (Baum et al., 2007; Baum, 2013; 
People1st, 2013), and there has also been an expansion of small independent hotels in the UK 
owned by migrants (Dickson, Janjuha-Jivraj and Woods, 2006; Paraskevopoulou et al., 2012). 
However, the uncertainty of Brexit also triggers significant challenges for the UK T&H 
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industry’s labour market and its productivity due to its substantial reliance on international 
migrant labour. Yet, this remains speculative as it is too early to know the full implications. 
Tourism scholars have acknowledged the low productivity of the UK T&H industry since the 
late nineties (Ball, Johnson and Slattery, 1986; Witt and Witt, 1989). This may have improved 
in absolute terms over the years since the advancement of technology and the various strategic 
HRM practices implemented, but the productivity gap in the UK T&H industry is still present 
today (People1st, 2015, 2017; Forth and Rincon-Aznar, 2018). There is increasing recognition 
that the industry strategy needs to consider cost-effective ways to deal with labour constraints 
and rising costs, thus it is seeking alternative ways to tackle the labour productivity gap 
(People1st, 2015). 
2.5 Determinants of labour productivity 
The productivity problem can be viewed in two dimensions: the internal and external (Zhang 
and Enemark, 2016). The internal dimension refers to the internal business environment, 
looking at the management practices and system of how human resources are managed and 
used efficiently and effectively. The external dimension refers to the external environment of 
the firm, and this can include socio-economic and political change, the natural environment 
and the physical geography surrounding the firm (Tribe, 2016). Under each dimension, there 
are various determinants of labour productivity, which are important to understanding the 
productivity gap in the T&H industry. Figure 2.3 summarises some of the different factors 
under each dimension. The following sub-sections will elaborate on each determinant, of which 
the determinants in red are the key determinants considered in conceptualising this research.  
2.5.1 Internal dimension 
The internal dimension has been extensively studied by researchers. The management practices 
of an organisation can significantly influence its performance and productivity. Researchers 
have examined the implication of firm characteristics, physical and human capital, HRM and 
innovation on productivity. 
2.5.1.1 Firm characteristics: size and ownership 
Existing research in different country contexts have investigated the determinants of (labour) 
productivity and the implications of firm characteristics (e.g. size and ownership), physical and  
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Figure 2.3 Internal and external dimension of productivity in T&H 
human capital and innovation. Firm productivity is highly associated with the firm’s 
characteristics. Firm size influences productivity as studies have shown that small firms can 
innovate more than large firms owing to their flexibility in taking strategic decisions 
(Williamson, 1967; Carlsson, 1989; Dhawan, 2001). Yet, some studies have found that small 
T&H firms are likely to face increasing competition, which can reduce their productivity 
(Weiermair, 2006). It has also been argued that larger firms are on average more productive 
due to market power and their ability to take advantage of economies of scale (Dhawan, 2001; 
Goncalves, 2013). Firm ownership reflects the management practice of a firm, which also 
influences productivity. For example, Brown and Dev (1999) found that employees of 
company-owned hotels have higher productivity than smaller or franchised hotels. The T&H 
industry is highly comprised of small- and medium-sized enterprises (SMEs) and they are a 
backbone to the sector (Jones, Lockwood and Bowen, 2004; OECD, 2017) but researchers have 
found that SMEs suffer from low productivity compared to large international or chain 
enterprises (People1st, 2017). Devesa and Peñalver (Devesa and Peñalver, 2013) found that 
chain hotel establishments have higher productivity than independent establishments. In 
contrast, family ownership can have better management practices and thus better productivity 
and performance due to minimised agency problems that are associated with managerial firms, 
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such as conflicts between owner-managers and minority shareholders (Kilic and Okumus, 
2005; Sraer and Thesmar, 2007; van Essen et al., 2015). Yet, output of family businesses can 
be different depending on their production inputs compared to non-family businesses (Barbera 
and Moores, 2013). Firm size and ownership structure are significant determinants of labour 
productivity of T&H firms (e.g. Sigala et al., 2005; Harris and Moffat, 2015), but they are 
beyond the scope of this research, thus will not be reviewed. 
2.5.1.2 Physical and human capital 
Physical and human capital are two key inputs of the production function, and are vital drivers 
of productivity (Syverson, 2011). The greater the capital intensity, the greater the productivity. 
Physical capital is relatively less important in T&H as it does not change over long periods of 
time, i.e. existing inventories (e.g. hotel buildings) tend to be continuously used or renovated, 
which minimises capital investment and intensity (Blake, Sinclair and Soria, 2006). This means 
there is a lack of investment in physical capital in T&H. In production and manufacturing, low 
capital intensity reduces productivity (e.g. O’Mahony and De Boer, 2002; Oulton, 2016), but 
in T&H, this may not be a strong driver of productivity (Brown and Dev, 2000; Marchante and 
Ortega, 2012; Marchante, García and Sánchez, 2017). In contrast, human capital is essential 
towards the enhancement of labour productivity in T&H as the sector is highly-labour intensive 
and delivers person-embodied services (Benavides-Chicón and Ortega, 2014; Joppe and Li, 
2016). Human capital refers to the skills, knowledge and competencies of a firm’s workforce, 
and this is a key factor of labour productivity (Lovelock and Young, 1979; Burgess, 1990; 
Crafts and O’Mahony, 2001; Bloom and Van Reenen, 2011; Úbeda-García et al., 2014). The 
literature that covers human capital is very large, especially in relation to labour quality and 
factors such as education, training, work experience and tenure.  
Many studies have found a strong correlation between human capital, especially skills, and 
productivity (Black and Lynch, 1996; Helms, 1996; Nachum, 1999; Syverson, 2011). Specific 
examples include: Hellerstein, Neumark and Hellerstein (2004) have matched US business-
level datasets with employee information, identifying a strong positive relationship between 
skills and productivity. Abowd, Kramarz and Margolis (1994) and Abowd et al. (2005) have 
used French and US data, respectively, and Haskel, Hawkes and Pereira (2005) have used UK 
plant-level and employee level data from the National Census; positive relationships between 
skills and productivity were identified. A main weakness of these studies is that they are all in 
the context of the manufacturing industry, which now only accounts for around 8% of the UK 
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employment (Clegg, 2016). Despite the studies being on a plant- or firm-level, which was a 
new contribution to the research at that time, subsequently with more data availability and the 
increasing sectoral shift towards services, the studies mentioned are not helpful for addressing 
the increasingly important challenges of productivity in the service sectors (Heshmati, 2003; 
Broadberry and O’Mahony, 2004; Haskel, Hawkes and Pereira, 2005). Considering the service 
sector and its labour-intensive nature, improving labour productivity in service businesses is 
essential as such gains allow lower operational costs but greater output, leading to an increase 
in demand and ability to fund new technologies and in turn enhance labour productivity (Brown 
and Dev, 2000).  
Human capital is a key resource in the T&H industry. Considering the knowledge-based 
economy, and the labour-intensive and intangible nature of the industry, the development of 
appropriate skills is essential to the delivery of services and labour productivity in T&H (Kilic 
and Okumus, 2005; Mortia, 2005; Cho et al., 2006; Benavides-Chicón and Ortega, 2014). 
Skilled labour is a major input of production; highly-productive organisations tend to have 
highly-educated and skilled labour (Islam and Shazali, 2011; Syverson, 2011). Delery and 
Shaw (2001) claimed that high performance labour, i.e. skilled, motivated and empowered, is 
key to strategically achieve high firm performance. However, compared to other sectors, in the 
service sector, especially in T&H, a large proportion of the workforce are low-skilled or 
unskilled, casual workers and seasonal (People1st, 2015). Additionally, the mismatch in the 
education of workers and the job is a significant factor that impacts on labour productivity to a 
certain extent (Marchante and Ortega, 2012; Ortega and Benavides Chicon, 2013). Hence, 
knowledge and skills need to be obtained through training and learning of the workers, which 
implies that HRM is key to enhancing the productivity of labour in T&H (Van Ark, O’Mahony 
and Timmer, 2008; Harris, Li and Moffat, 2013). 
2.5.1.3 Human resource management 
To enhance labour productivity, firms have commonly relied on HRM, and such managerial 
practices have been identified as a significant contributor to performance and survival in an 
ever-increasingly competitive business environment (Huselid, 1995; Datta, Guthrie and 
Wright, 2005; Battisti and Iona, 2009; Benavides-Chicón and Ortega, 2014; Li, Joppe and 
Meis, 2016; Madera et al., 2017). HRM practices focus on the acquisition and development of 
the human capital of a firm, influencing employee skills and flexibility. The significance of 
human capital and skilled labour on labour productivity has been emphasised above, but to 
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manage and deliver this impact, management practices are essential. Additionally, as 
managerial effort is key to competitiveness, and as human resources are considered a key 
competitive advantage of a firm, HRM is crucial in terms of increasing labour productivity 
(Huselid, 1995).  
Whilst HRM takes a more functionalistic perspective of human resources, strategic HRM 
considers the strategic role of labour in terms of the functioning of an organisation (Delery and 
Shaw, 2001). The direct integration of human resources and business strategy began about 
thirty years ago and most studies have acknowledged that firm’s business objectives influence 
its HRM (Madera et al., 2017). The strategic approach implies that the firms want to realise 
the impact of HRM on their performance (Delery and Doty, 1996), and henceforth the 
following studies have focussed on explaining the difference in financial performance across 
firms, or how operational performance influences financial performance (e.g. Wright and 
McMahan, 1992; Huselid, 1995; Huselid and Becker, 2011; Madera et al., 2017). HRM 
practices can be categorised into three systems or strategies: recruiting and selection systems, 
reward systems and training and development strategies which are in line with the firm’s 
strategy and objectives (Huselid, 1995). According to the existing literature, such practices 
contribute to improving firm performance including profit (Kalleberg and Moody, 1994), 
returns on assets and equity (Delery and Doty, 1996), turnover rate (Huselid, 1995) and labour 
productivity (Youndt et al., 1996; Datta, Guthrie and Wright, 2005). 
However, scholars have recently acknowledged that the process of HRM practices influencing 
firm performance is vague (Paauwe, 2009). Buller and McEvoy (2012) examined this issue 
and found that there are mediators between HRM and firm performance: human capital, social 
capital (e.g. social networks, trust, cooperation) and employee motivation. A concerning issue 
of strategic HRM is its sustainability, i.e. how can a firm maintain its human resource (Delery 
and Shaw, 2001). With temporal demand variations and high seasonality in the T&H industry, 
how you manage labour to deal with the fluctuations is a challenge. In response, researchers 
have demonstrated increasing interest in labour flexibility since the 1980s (Kelliher and 
McKenna, 1988; Riley, 1992; Riley and Lockwood, 1997; Kelliher and Riley, 2003). 
Flexibility in the working hours (numerical flexibility) and job roles (functional flexibility) 
allows workers to respond to changes in demand and minimise the gap between the supply and 
demand of labour in a firm at a point of time (Kalleberg, 2001; Preenen et al., 2015). This 
allows multi-skilling and increases employee motivation (Mortia, 2005).  
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Labour turnover is also an issue when it comes to productivity due to low employee motivation 
and negative perceptions of the work environment, especially in the T&H industry (People1st, 
2015; Madera et al., 2017). Coff (1997) argued that a low voluntary turnover rate in the 
workforce is an essential condition for competitive advantage, but this is not the case for T&H 
firms (Delery and Shaw, 2001; People1st, 2013). The high labour turnover rate is a persistent 
issue in the T&H industry given that labour markets are relatively open and mobility is 
accessible, but this does not mean that there is no competitive advantage to be obtained in this 
respect within the industry. Consequently, many T&H firms continue to implement HRM 
practices to drive success and survival. 
Training is one of the key HRM practices in the T&H industry because it allows individuals to 
learn new knowledge and skills, an important component for labour productivity and 
competitiveness (Wright and Snell, 1998; Cho et al., 2006; Li and Hsu, 2016). Bartel (1994) 
found that formal training raises labour productivity by 17%, and Úbeda-García et al. (2013) 
concluded in their study of training policy and firm performance in the Spanish hotel industry 
that training and firm performance are positively correlated, both in terms of productivity and 
human resource outcomes, such as customer satisfaction. It is important to note that labour 
markets have national, institutional and cultural characteristics, thus such findings by Úbeda-
García et al. (2013) cannot be generally applicable to other national contexts. There is also 
evidence of a negative relationship between training and firm performance: for example, 
Aragón-Sánchez, Barba-Aragón and Sanz-Valle (2003) found that in-house training poses a 
positive impact on productivity, whereas external training courses or distance training shows a 
negative effect. Another issue is that human resource outcomes, such as employee satisfaction 
and customer satisfaction or complaints, are usually intangible which lead to measurements 
difficulties with respect to the impact on productivity (Cho et al., 2006). Measuring training 
and learning is also a challenge, and thus only surrogate variables such as educational 
attainment and vocational qualifications are used, which fails to portray fully their real effects 
in research. Nevertheless, training has always been a focus in HRM studies in the T&H industry 
(Singh, Motwani and Kumar, 2000) and is still important, but the focus now should not be on 
whether there is training or not, but what you train the workers in and the degree of continuity 
of training as a quality component of labour in relation to productivity (Black and Lynch, 1996; 
Benavides-Chicón and Ortega, 2014).  
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Despite the high prioritisation in training, it has been reported that the UK T&H industry has 
been lagging-behind in skills, further affecting the industry’s productivity levels (Kelliher and 
Johnson, 1997; McGunnigle and Jameson, 2000; Galbraith and Bankhead, 2012). This has 
created the skills and productivity gap between T&H and the other sectors of the economy 
(Dearden, Reed and Van Reenen, 2006; Bloom and Van Reenen, 2011; People1st, 2013, 2015), 
which arguably implies that existing HRM practices such as training have not been impactful; 
to bring change, requires examining an alternative factor of labour productivity to strategically 
tackle this problem. 
2.5.1.4 Innovation 
The positive relationship between innovation and productivity has been well-established in the 
literature, in which IT also plays a vital role, and its advancement in the recent era are changing 
the productivity boundary (Joppe and Li, 2016). Considering the shortage of skilled labour and 
internal resistance to change, investment in human capital and innovation can enhance 
productivity in T&H as this can improve service quality and greater product knowledge and 
information (Smeral, 2007). Innovativeness drives market advantages towards productivity 
gains (Sandvik, Duhan and Sandvik, 2014; Zhang and Enemark, 2016). There are two key 
types of innovation mentioned in T&H studies: product (or service) and process (Hjalager, 
2010). Product innovation is commonly considered in productivity studies (e.g. Rosenthal and 
Strange, 2001; Audretsch and Feldman, 2004), which is relatively less relevant to the T&H 
context. Some studies in the hotel industry show evidence of hotel service innovations, e.g. in 
gastronomy, infrastructure or wellness tourism (e.g. Pikkemaat, 2008), or customer service, 
e.g. offering comfort-food menus for in-room dining (Enz and Siguaw, 2003). As product 
innovation can improve customer satisfaction and service quality, this can also improve 
productivity as well. Innovations in T&H tend to be process-related due to the inevitable 
interaction between the producer and consumer during the process of service delivery and 
consumption (Williams and Shaw, 2011). Typically, process innovation aims to improve 
efficiency and productivity of the firms (Hjalager, 2010), and it tends to be associated with 
technology and how it can enhance firm and labour productivity (Siguaw, Enz and 
Namasivayam, 2000; Blake, Sinclair and Soria, 2006). Cainelli, Evangelista and Savona (2004) 
found higher productivity and growth performance in innovating service firms than non-
innovating service firms and the importance of IT regarding innovation and growth. 
Henceforth, innovation can be considered one of the key determinants of productivity in T&H.  
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However, one of the major challenges in examining the impact of innovation on productivity 
in T&H is the measurement of innovation. Many of the studies in the production industry have 
measured innovation by R&D investments or patent citations (Acs, Audretsch and Feldman, 
1994; Audretsch and Feldman, 1996; Feldman, 1999; Gilbert, 2006; Autant-Bernard and 
LeSage, 2011). However, there is minimal or even no R&D investments and patent citation in 
the T&H industry as the innovation in T&H tends to be dealing with intangible aspects of the 
tourism experience. They are difficult to monitor and evaluate in terms of efficiency and 
effectiveness towards customer satisfaction and profitability (Ottenbacher and Gnoth, 2005). 
Standard data sources of innovation, such as the UK Innovation Survey and EU Community 
Innovation Survey, do not capture the extent of innovation in T&H, and therefore it is difficult 
to measure this. While innovation is essentially seen as an internal factor, this research seeks 
to examine the external influences on T&H productivity, and specifically knowledge spillovers 
related to the concept of agglomeration economies. Knowledge spillovers can drive innovation 
via the transfer of (tacit) knowledge in T&H (Shaw and Williams, 2009), and thus the current 
research will consider the potential of innovation via significant knowledge spillovers. 
However, a separate measure for innovation will not be employed in the analysis due to 
secondary data limitations (refer to section 5.5.4.4). 
2.5.2 External dimension 
Alternatively, targeting the external dimension to improve productivity in T&H can be a 
possible solution. Compared to the internal dimension, research on the external dimension is 
relatively scarce, a gap which this research aims to help to fill. Researchers have examined the 
implication of demand variation, the socio-economic environment, technological change, the 
competitive environment and clustering.  
2.5.2.1 Demand variation 
Demand variation significantly influences productivity in T&H (Park et al., 2016; Inchausti-
Sintes, 2019). Due to the nature of work, travel and leisure patterns, seasonality is a common 
issue in the industry, which can vary from months, weeks to days (Smeral, 2003). Some 
variations can be anticipated, but others cannot, which significantly impacts on firm revenue 
and return on investments. Additionally, during periods of low demand (off-peak), firms find 
it hard to maintain service quality and customer satisfaction, influencing productivity in the 
long-term (Witt and Witt, 1989). This can be further exacerbated by the socio-economic 
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environment or business cycle, which can be considered a source of demand variation. For 
example, in the 2008 global financial crisis, this led to significant increases in unemployment 
levels and job insecurity and a reduction in wages, affecting tourist expenditure (Sheldon and 
Dwyer, 2010). The recent Brexit decision is also likely to have affected demand (Kim, 
Lockwood and Williams, 2019) and subsequently may have affected the T&H productivity in 
the UK, but this remains speculative as it is too early to know the full implications on 
productivity. Weaker business capabilities and stability imply less investment in human capital 
and innovation, and therefore lower levels of productivity. Thus, these external dimensions 
need to be considered when dealing with the productivity problem in T&H. However, demand 
variation will not be included in this research as the focus is more on the supply-side, which 
will be elaborated in Chapter 3. 
2.5.2.2 Socio-economic and technological environment 
External shocks from the socio-economic and technological environment influence 
productivity as their dynamic changes rapidly affect businesses and their performance (Tribe, 
2016). It is important to acknowledge the rapidly growing digitalised and sharing economy and 
their impact on labour productivity, but also influencing T&H markets. An example is Airbnb: 
the high availability of Airbnb and its high market capitalisation is a threat to mainstream hotel 
companies, especially budget hotels and hostels, affecting competition, hotel performance and 
productivity (Ahmad and Schreyer, 2016; Zervas, Proserpio and Byers, 2016). Digitisation is 
seen as a channel to increase productivity, but such a phenomenon significantly reduces the 
number of jobs available, while impacting on labour markets and work (HVS, 2015; Suciu, 
2016). Furthermore, there is the growth of online sales, for example, online travel agents like 
Expedia; they have a very strong position in the online booking and accommodation market 
amongst strong competition within the market (Mitas et al., 2015; People1st, 2017), causing 
impact on productivity of existing businesses both online and offline. 
However, there is also substantial evidence of the positive impact of IT on the T&H industry: 
technology investments for the central reservation systems (Tsai, Song and Wong, 2009), 
helping with decision-making for revenue management, labour productivity and guest services 
(Siguaw, Enz and Namasivayam, 2000), IT applications in the front office can improve hotel 
and labour productivity, but also in the back office for long-term productivity (Ham, Kim and 
Jeong, 2005; Melian-Gonzalez and Bulchand-Gidumal, 2016). Yet, in the past, proponents of 
the productivity paradox argued that an increase in computing power in the service industry 
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did not enhance the measured productivity level (Brynjolfsson and Hitt, 1998). In the current 
T&H industry position, investments in new technology are low due to its high costs and there 
is a lack of the skills that are required to operate the technology for effective business 
performance (Baum, 2002; Law, Leung and Buhalis, 2009; Melian-Gonzalez and Bulchand-
Gidumal, 2016). Thus, although there is general acceptance that in the long-run (advance) IT 
can potentially improve productivity, research on this matter is still developing, and the short-
term productivity impacts are more contentious. Whilst the impact of the digitalised and 
sharing economy is acknowledged, this lies outside the scope of this research.  
2.5.2.3 Competition, competitiveness and market structure 
The competitive environment plays a significant role in productivity growth. For instance, high 
competition can stimulate innovation, reduce costs and improve efficiency (Smeral, 2007). 
Research in this field was stimulated by Porter (1990), where he defined competitiveness as an 
outcome of a nation’s ability to achieve and maintain an advantageous position over other 
nations. The OECD defined competitiveness as the extent to which a country can produce 
goods and services, meeting the challenges of the international markets, under free and fair 
market conditions, while also maintaining and enhancing the real income of its people (Tsai, 
Song and Wong, 2009). Later, Porter (1998a) argued that it is firms that compete in the 
international markets not nations, and thus definitions of competition started to relate to firms. 
Researchers and practitioners have also defined competitiveness through productivity, 
recognising the significant influence of competition on the productivity of firms (ESRC, 2003; 
Tsai, Song and Wong, 2009; Syverson, 2011).  
Many studies have examined the relationship between competition and productivity. There are 
three key mechanisms in the literature which explain how an increase in competition leads to 
higher productivity. These are: within-firm effects, between-firm effects and innovation. 
Firstly, within-firm effects imply that because competition is driving out low productivity firms 
from the market in the face of growth of high productivity firms within the market (Van 
Reenen, 2010), there is a strong pressure for firms to ensure optimal production and effective 
resource allocation. This suggests how competition effects can enhance management practices, 
which can increase productivity (West et al., 1999). Competitive forces in the product market 
enhance the sensitivity of profits to the actions of the manager, incentivising greater managerial 
effort (Nickell, 1996). However, competition is dependent on demand elasticity and reduction 
effects; competition will increase managerial effort and efficiency when the demand elasticity 
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effect outweighs the demand reduction effect (ibid.). On the other hand, competition may raise 
the demand elasticity and reduce demand, which causes ambiguity in the outcomes (Hermalin, 
1992). Henceforth, the effect of competition is arguably questionable. In contrast, Schmidt 
(1997) argued that high competition increases the risk of bankruptcy which leads to greater 
managerial effort and focus by firms to avoid such risks. In a major contribution to this debate, 
Bloom and Van Reenen (2007) agreed that greater product market competition significantly 
correlates with better management practices as high competition increases the marginal return 
to managerial effort.  
It is also acknowledged that fierce competition can drive down profit margins. This has 
occurred in the T&H industry due to the sharing economy and growth of internet sales (HVS, 
2015; Mitas et al., 2015; Ahmad and Schreyer, 2016; Zervas, Proserpio and Byers, 2016). Yet, 
competition drives greater managerial efforts which are also important for the management of 
labour and productivity (Bloom and Van Reenen, 2007). Nickell (1996) argued that 
competition may also influence the effort of workers as it can increase their wages. This has 
been supported by various previous studies, especially on competition increasing labour 
productivity (e.g. Kilic and Okumus, 2005; Smeral, 2007). Moreover, labour is considered as 
a key factor of the competitive advantage of firms (Brown and Dev, 2000; Delery and Shaw, 
2001; Datta, Guthrie and Wright, 2005; Úbeda-García et al., 2013, 2014), and so competition 
can be considered to be somewhat dependent on the quantity and quality of labour.  
Secondly, between-firm effects refer to competition leading to increases in market share at the 
expense of the low productivity firms, which leads to their exit from the market and a 
replacement by high productivity firms, subsequently leading to higher productivity. This is 
called the market sorting effect (Syverson, 2004b). Disney, Haskel and Heden (2003) showed 
that external restructuring, that is between-firm effects, accounts for around 50% of labour 
productivity and 80-90% of TFP. Harris and Li (2008) found that 79% of the UK productivity 
growth arises from between-firm effects rather than within-firm effects. The positive effects of 
competition on management practices can also be generated through these between-firm effects 
(Aghion et al., 2004; Bloom and Van Reenen, 2007). Strong competition is generated when 
inefficient firms exit the market and greater market share is allocated to the more efficient 
firms. Syverson (2004a) agreed that tougher competition is associated with higher average 
levels of production and lower dispersion of productivity. In the context of the service sector, 
a study conducted by Haskel and Khawaja (2003, cited in ESRC, 2003) on the UK retail sector 
43 
showed positive outcomes on productivity when inefficient firms leave the market, and 
efficient incumbent firms remain in the market. These conceptualisation have not been tested 
in the context of the T&H industry, but the impact of the barriers to entry or exit to a market 
on competition has been conceptually acknowledged in generic studies related to strategy (e.g. 
Haskel and Sadun, 2005; De Jorge and Suárez, 2014). This is important because it has been 
argued that T&H has low barriers to entry, implying that between-firm productivity increasing 
mechanisms are likely to be effective (Braun, 2005). Yet, empirical research on this issue is 
minimal in T&H productivity studies. 
Lastly, competition can promote innovation and thus productivity. Innovation has been 
considered an internal dimension (section 2.5.1.4), but competition can also stimulate 
businesses to innovate, which ultimately affects productivity. The relationship between 
competition and innovation has been recognised by various researchers. Nickell (1996) found 
that product market competition is a key driver for productivity and innovation. Blundell, 
Griffith and Van Reenen (1995) illustrated the complex relationship between competition and 
innovation where dominant firms tend to innovate more but competition reduces innovative 
activities. However, as these dominant firms grow and increase competition, aggregate levels 
of innovation will decline. Yet, Blundell, Griffith and Van Reenen (1999) found positive linear 
effects of competition on innovation in the manufacturing industry. Aghion et al. (2005) found 
an inverted-U shape relationship between competition and innovation, where an increase in 
competition will increase innovation but beyond a certain threshold point, innovation will have 
adverse effects. This follows the argument that to a certain extent, competition can increase 
innovation and, thus, labour productivity (Broadberry and Crafts, 2001; Aghion et al., 2005; 
Harris and Moffat, 2015). However, in line with the argument in section 2.5.1.4, innovation 
will not be separately defined in the conceptual model. 
These mechanisms of how competition drives productivity are important determinants to 
consider for T&H productivity. With the growing digitised economy, the T&H business 
environment is becoming more and more competitive. With low barrier to entry and increases 
in consumer choice via easier accessibility, both physically and virtually, the increase in 
competition is inevitability influencing T&H productivity (Battisti and Iona, 2009; People1st, 
2017). However, due to data limitations and measurement issues, it is difficult empirically to 
examine the effect of competition on productivity, a challenge which the current research also 
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faces. Yet, it is an important factor to consider, and therefore will be discussed in Chapter 3 
under Porter’s cluster theory. 
2.5.2.4 Location: spatial clustering 
Location is one of the most influential factors of T&H firm performance as the production and 
consumption of T&H goods or services are spatially and temporally localised (e.g. Kilic and 
Okumus, 2005; McCann and Folta, 2008; Sainaghi, 2011; En Lado-Sestayo et al., 2016). 
Location can reflect market structure and influence competitiveness and the target market, 
which can affect firm performance significantly (Barros, 2005; Zhang and Enemark, 2016). 
Locational factors, such as local economic environment, local facilities, transportation, natural 
resources, size of the location, can also influence the performance and productivity of a firm 
(Chou, Hsu and Chen, 2008). For example, Yang, Wong and Wang (2012) found that 
agglomeration effects and accessibility to transportation are important regarding hotel location 
choice based on performance gains. Zhang and Enemark (2016) found that hotels located in 
urban areas perform better than in rural areas, whereas for restaurants, it is the opposite. 
However, Sigala (2004) found that location does not affect productivity, rather location may 
significantly affect demand variability. Negative implications of location on firm performance 
can also be found (e.g. Marco-Lajara, Claver-Cortés and Úbeda-García, 2014). Yet, relatively 
few of the location studies in T&H have addressed the issue of low productivity. 
Agglomeration effects and spatial clustering are a central feature in the location of firms and 
how this relates to increasing returns (Tyrrell and Martens, 2007). The relationship between 
productivity and spatial clustering has been studied by various researchers across the main 
disciplines of economics and geography. The initial theorisation of why economic activities 
cluster spatially focusses on place-specific external economies of scale, i.e. agglomeration 
economies, which generate productivity advantages (Andersson and Loof, 2011). 
Agglomeration can enhance productivity via three mechanisms: sharing, matching, and 
learning (Duranton and Puga, 2004). It is contended that sharing of inputs and outputs is 
important due to larger regions having a greater variety of input suppliers and division of labour 
that makes workers more productive, but also due to proximity and subsequent lower transport 
costs (Krugman, 1991b). Matching refers to the match in labour demand and supply, and 
learning emphasises the accumulation and diffusion of knowledge within an cluster region (e.g. 
Rosenthal and Strange, 2004; Puga, 2010; Abel, Dey and Gabe, 2012; Melo and Graham, 
2014). Most empirical research on productivity focusses on the learning mechanism, 
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highlighting the impact of technology and spillovers (Rosenthal and Strange, 2004). Urban 
agglomeration associated with more intense knowledge spillover effects is due to various 
reasons including the role of proximity in R&D and geographically localised knowledge 
spillovers (Jaffe, Trajtenberg and Henderson, 1993), concentration of innovation (Audretsch 
and Feldman, 2004) and the rapid transfer of innovation within clusters (Baptista, 2000). Ding, 
Guariglia and Harris (2016) showed that agglomeration spillovers are significant and positive 
for the manufacturing and production industries, and that diversification spillovers (referred to 
as Jacobian) are even stronger in terms of the significant positive effect and strength of the 
relationship. However, this is in the context of China and the manufacturing industry; results 
can vary by country and industry-type as market and industry structures differ. There are also 
external effects related to agglomeration that influence productivity, for example, the size of 
the region and employment density (Henderson, 1986; Ciccone and Hall, 1996; Li, Wang and 
Zhang, 2017).  
However, it is also important to acknowledge the negative externalities or costs of 
agglomeration (agglomeration diseconomies), such as spatial inequalities of growth and wages, 
high competition and price wars (McCann and Folta, 2008, 2009; Campos, 2012; Marco-
Lajara, Claver-Cortés, et al., 2016a). Broersma & Oosterhaven’s (2009) policy simulations 
have resulted in controversial conclusions compared to previous studies. Agglomeration effects 
will enhance the level of productivity, but effects are mitigated by the spillover effects to 
neighbouring regions with high job densities. Yet, in terms of productivity growth, the results 
have shown a negative effect of agglomeration owing to a decrease in returns to scale, thus 
explaining the decline in labour productivity in the Netherlands in the second half of the 1990s. 
Regional spillover effects are a significant part of the concept of agglomeration economies 
(Boschma and Ter Wal, 2007; Davì, López-Bazo and Barbaccia, 2009; Majewska, 2015; 
Chhetri et al., 2017), but contradictory findings on spillover effects on labour productivity can 
be found in past studies. Nevertheless, the role of agglomeration economies has been 
acknowledged to be significant for a region’s and firm’s labour productivity (Ciccone and Hall, 
1996; Glaeser and Maré, 2001; Rosenthal and Strange, 2004). 
Discussion of this phenomenon is commonly found in the context of manufacturing and other 
production industries but, in contrast, it is scarcely recognised in the context of the service 
industry, especially the T&H industry. Yet, in T&H, such a phenomenon is observed as 
different firms (e.g. hotels, restaurants, travel agents, etc.) tend to collocate together to seek 
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increased demand especially because tourists tend to reduce their search cost, but also as firms 
can gain greater externalities and benefit of access to resources (Michael, 2003; Yang, Wong 
and Wang, 2012; Marco-Lajara, Claver-Cortés, et al., 2016a). In the T&H literature, studies 
on the implication of clustering and agglomeration in the industry are evident but minimal 
(Michael, 2003; Saxena, 2005; Novelli, Schmitz and Spencer, 2006; Weidenfeld, Butler and 
Williams, 2010; Weidenfeld, Williams and Butler, 2014). Existing T&H studies on 
agglomeration have focussed on the effect upon general performance of hotels and other 
tourism regions (Kalnins and Chung, 2004; Lee and Jang, 2013, 2015; Marco-Lajara et al., 
2014). Moreover, there are minimal studies of the labour market, due to the characteristics of 
high labour turnover, insufficiency of skilled labour, lack of motivation, etc. (People1st, 2015). 
These have resulted in the labour productivity gap between T&H and other industries of the 
economy. 
With the persistent productivity gap and increasing competition in the business environment, 
spatial clustering and agglomeration economies can be an alternative way of narrowing the gap 
and generating subsequent regional influences (Kolko, 2010; Campos and Prothero, 2012; 
Brunow and Blien, 2014; Ding, Guariglia and Harris, 2016). Nachum (1999) argued that 
spillovers can be common in professional service industries as there are no patents to protect 
knowledge, and because labour mobility is the main mode of spillover between firms or 
industries. With such a proposition, the issue of measurement cannot be ignored. Identifying 
and measuring the spillover, but also its impact on productivity, is challenging. It is a further 
challenge as the service sector is an open system (Grönroos and Ojasalo, 2004). Nevertheless, 
spatial clustering and agglomeration effects can account for regional differences in productivity 
across regions via spillover effects, which can be captured using advanced econometric 
modelling. Despite the high association and relevance of spatial clustering and agglomeration 
effects to the T&H industry, there is limited research on their implications for the labour 
productivity of T&H; the actual effects are unknown. Given the persistent problem of low 
productivity in the UK T&H industry, and with traditional internal strategies to improve this 
having been relatively ineffective, there is a need for alternative and new perspectives on 
tackling the low T&H productivity. With the advancement of new statistical methods and using 
relevant proxies (refer to Chapter 5), it is possible to examine the relationship between 
productivity and agglomeration, which will be the focus of this research in the context of the 
UK T&H industry. 
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2.6 Summary 
Labour productivity is a key indicator of the efficiency and effectiveness of labour in a firm. It 
is a common measure used to portray a nation’s standard of living, economic growth and 
competition (Krugman, 1991; Porter and Ketels, 2003). Firms and industries continually have 
to strive to keep up their level of productivity due to the dynamic and complex nature of the 
socio-economic environment. The UK T&H industry has shown rapid growth in the economy. 
Tourism demand is rising as the mobility of people is increasing, but tourism supply shows an 
opposite picture. There have been rising concerns about the shortage of labour and Brexit 
consequences, and with low pay and unfavourable working hours, labour recruitment is a 
continuous challenge for the industry. Additionally, transient, seasonal, temporary and low-
skilled workers and high levels of labour turnover are also problematic to productivity (MAC 
2014; People1st, 2013, 2015). This low T&H productivity needs to the tackled in a new way 
beyond the traditional approaches of recruitment, training and retention (People1st, 2015, 
2017). 
Labour productivity depends on various factors of which competition, human capital and HRM 
are considerably relevant to the research problem. However, the significance of training and 
other HRM practices that aim to increase human capital and firm competitiveness are 
controversial. As previously discussed, spatial clustering of firms is a factor of labour 
productivity, which is relatively under-researched compared to the other factors. The 
implications of firms clustering in a region are especially important in the T&H industry due 
to its inter-sectoral nature, where different firms and sectors collaborate and compete together 
(Marco-Lajara, Claver-Cortés, et al., 2016a). The agglomeration economies generated within 
the clusters can influence labour productivity, but their nature and extent are largely assumed 
and the actual effects are uncertain as contrasting findings have been found in both academia 
and industry (Baldwin and Martin, 2004; Capone, 2015). The relationship between spatial 
clustering and labour productivity is theoretically well-established, but empirically has been 
relatively little researched, especially in T&H (Rosenthal and Strange, 2003, 2004; Campos 
and Prothero, 2012). Given the low labour productivity in the UK T&H industry, rather than 
focussing on new ways of training and recruiting staff, the effect of spatial clustering and 
agglomeration economies should be questioned and investigated. This research therefore aims 
to contribute to the operationalisation of spatial clustering and agglomeration economies in the 
T&H labour market.  
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The next chapter will critically review the concept of spatial clustering, exploring deeper into 
the different elements of agglomeration economies that can influence the T&H labour 
productivity. 
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Chapter 3 Spatial Clustering and Agglomeration Economies in the Tourism and 
Hospitality Industry 
3.1 Introduction 
‘Spatial clustering’ is a phenomenon of firms and/or industries gathering or co-locating 
together in a specific region called cluster – the term ‘clustering’ will always refer to spatial 
clustering in this research. A ‘cluster’ is an area where there is a concentration of firms and/or 
industries linked by commonalities and complementarities (Porter, 1998a). The term ‘cluster’ 
is interchangeably used with the term ‘agglomeration’ which refers to the spatial concentration 
of related firms (Bathelt, Malmberg and Maskell, 2004); this research will likewise use the two 
terms interchangeably. Such a spatial phenomenon results in enhanced performance and 
growth of firms within the cluster (Marshall, 1920; Porter, 1998a; Henderson, 2003; Martin 
and Sunley, 2003). Drawing on Marshall’s agglomeration economies and Porter’s competition 
and cluster theory, studies on the relationship between spatial clustering and productivity 
originated in the context of the manufacturing and production industries (e.g. Ciccone and Hall, 
1996; Glaeser and Maré, 2001; Rosenthal and Strange, 2004). Findings of such studies showed 
positive relationships, and the impact of clustering on productivity began to be accepted in both 
academia and the industry. Despite such theory has expanded onto the management field, 
studies have also been applied in other industrial context, such as retail and hotels, up until 
now. However, empirical research is relatively smaller in the context of service industries and 
even less in the T&H context.  
This chapter will therefore critically review spatial clustering and agglomeration economies in 
the T&H industry. Firstly, the chapter will begin with the general background of spatial 
clustering and then in the context of T&H, highlighting its relationship with productivity. This 
review will concentrate on two key concepts: Porter’s cluster theory and Marshall’s 
agglomeration economies. The role of competition and cooperation in clusters will be 
incorporated in the review of Porter’s theory. Then Marshall’s agglomeration economies will 
be discussed from the rationale of agglomeration economies to the specifics of the trinity – 
input-output linkages, labour market pooling and knowledge spillovers – and their relationship 
with firm and labour productivity. In this section, relevant T&H literature will be critically 
reviewed to grasp the gap in the scholarship, and throughout the chapter, the subsequent 
research hypotheses will be proposed. Finally, the chapter will conclude with an illustration of 
the conceptual model of this research. 
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3.2 Spatial clustering 
The spatial clustering of firms and industries has been recognised for a long time. Studies on 
clusters and agglomeration originate from the disciplines of geography and economics, and 
many scholars have sought to explain the distribution of economic activities across space 
(Brosnan, Doyle and O’Connor, 2016). Studies date back to 1890 when Alfred Marshall 
introduced the concept of agglomeration economies to explain why similar or related firms co-
locate in a specific region, laying the foundations for much of the theorising on economic 
agglomeration and the localisation of industries (Phelps, 2004; McCann and Folta, 2009). In 
1909, Weber conceptualised the industrial locational theory and argued that when industries 
locate together in a region, proximity drives transportation costs down (Weber, 1929). He also 
identified three essential location forces for firms, assuming a set of market points and perfect 
competition: transport cost differentials, labour cost differentials and agglomeration 
(dis)economies (Brosnan, Doyle and O’Connor, 2016). Traditional economic geography 
models include industrial districts, which are referred to as “socio-territorial entities” where 
the concept includes not only the number of firms but also the local community in the bounded 
area (Pyke, Becattini and Sengenberger, 1990, p.38). Yet, the characteristics of an industrial 
district are similar to Marshall’s industrial agglomeration.  
Previous location theories such as Hotelling (1929) and Christaller (1933 cited in Brosnan, 
Doyle and O’Connor, 2016) are popular theories referenced in economic geography studies 
which treat physical markets as homogeneous areas rather than separate market areas. 
Hotelling argued that the importance of proximity in relation to similar products or services to 
understand the benefit of clustering and how firms engage in price competition for customers 
within space (Eva Rodríguez-Victoria, Puig and González-Loureiro, 2017). Christaller 
developed the central place theory, studying the formal spatial patterns and hierarchy of city 
size and distribution (Brosnan, Doyle and O’Connor, 2016). Christaller later became a tourism 
geographer and conceptualised the tourism flow from central to periphery regions in Europe, 
becoming a leading scholar on the spatial interactions between areas of tourist destinations 
(Williams and Shaw, 2015; Saarinen, Rogerson and Hall, 2017). Following on, models 
including knowledge and innovation birthed since Schumpeter (1934, 1942 cited in Brosnan, 
Doyle and O’Connor, 2016) argued the role of clustering on innovation and technological 
change, and studies like Asheim (1996) and Maskell and Malmberg (1999) deployed the terms 
‘learning region’ and ‘regional innovative systems’, discussing how clusters form a learning 
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region for firms to exploit localised learning and create competitive advantages through 
innovative activities.  
In the late twentieth century, Porter dominated the cluster theory, arguing the importance of 
competition in clusters. Porter (1990) also recognised the influence of innovation and 
entrepreneurship, a key argument of Schumpeter, to national advantage, which contributes to 
the benefit of clustering. Porter’s cluster theory will be elaborated in section 3.2.1. Regarding 
localised learning and industrial competitiveness, Malmberg and Maskell (2002) discussed the 
creation and implications of knowledge on firms’ competitiveness in spatial proximity. 
Henceforth, locational theory and cluster theory have emerged over several decades. However, 
despite all these theoretical models and explanation, there is no single universal theory or 
definition of cluster; it is rather a collection of ideas and concepts which has logically 
formulated agglomeration (Brown, 2000). 
Spatial concentration of firms and industries occurs for various reasons. The traditional 
rationale behind spatial clustering is proximity and cost reduction (Porter, 2000; Brosnan, 
Doyle and O’Connor, 2016). Initially, the theory around spatial clustering was not about the 
development of clusters, but about the benefits of co-location (Malmberg and Maskell, 2002). 
When firms cluster in one location, there is the potential to share local infrastructure, the 
education system, and other collective goods for firms to share the costs (ibid.). Therefore, the 
benefit of cost reduction attracts firms and industries to cluster together. Additionally, the 
spatial proximity advantage of clustering implies lower costs of transportation and transaction 
(Bathelt, Malmberg and Maskell, 2004; Palazuelos, 2005; O’Sullivan, 2009). However, it is 
important to note that there are other types of proximity. Boschma (2005) argued that 
geographical proximity is neither necessary nor sufficient for the sharing and transfer of 
resources, such as human capital. Boschma’s paper takes a critical approach in assessing the 
different types of proximity – cognitive, organisational, institutional, social and 
geographical/spatial – and how they impact on interactive learning and innovation, which will 
be further discussed in section 3.3.4 on knowledge spillovers. Boschma (2005) highlights the 
significance of geographical clusters having not only spatial proximity between firms and 
industries, but also cognitive proximity via labour sharing the same knowledge base and 
absorptive capacity to learn from each other; organisational proximity by the network 
relationships created between and within firms in a cluster; social proximity via social ties and 
trust between firms in spatial proximity within a cluster; and institutional proximity where 
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similar and related firms co-locate together, sharing a common language and culture. Including 
all the different types of proximity and cost reduction alone are not enough to explain the 
distribution of economic activity across space.  
There are economic reasonings behind spatial clustering that build on from the traditional 
rationale. Marshall's (1920) main rationale for spatial clustering is the concept of external 
economies of scale. This refers to the externalities generated from co-location that are available 
and shared amongst the collection of related firms within the cluster. Marshall identified the 
trinity of agglomeration which are the key three drivers of agglomeration, formulating the 
‘agglomeration economies’, and this was his argument for explaining why industries and firms 
co-locate in a specific area. Despite the long history of Marshall’s agglomeration economies, 
his concept is still applicable to today’s context, especially in relation to the problem of 
productivity and its spatial disparity. In particular, previous empirical studies of Marshall’s 
agglomeration economies have been based on the manufacturing or production industry and 
technology-related industries (e.g. Duranton and Puga, 2004; Rosenthal and Strange, 2004; 
Ellison, Glaeser and Kerr, 2010). Past studies have used the retail and financial service sectors 
(e.g. Combes, 2000; Brülhart and Mathys, 2008), but studies on T&H are minimal. Marshall’s 
agglomeration economies will be further reviewed and discussed in section 3.3.  
3.2.1 Porter’s cluster theory 
Porter’s (1998a) main argument was that the competitive advantage of a nation comes from its 
locality – knowledge, relationships and motivation. This has developed his research to examine 
the role of location and the importance of competition on clusters (Porter, 1990, 1998a, 2000). 
According to Porter (1998a, p. 78), clusters are:  
“geographic concentrations of interconnected companies and institutions in a particular 
field, linked by commonalities and complementarities.”  
He is well-known for his cluster theory as he identified that competition in today’s economy is 
dynamic due to globalisation and technological advancement, whereas before competition was 
rooted in input costs and endowments, marking comparative advantage a priority for a nation’s 
competitiveness (Porter, 1998a). Now, he states that a nation’s competitive advantage lies on 
the firm’s ability to make use of its inputs more efficiently (and productively), which demands 
constant innovation (ibid.). Such type of competitive advantage has opened a new perspective 
of location as Porter (1998a) proposed the importance of cluster for a firm’s competitiveness 
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“in local things” (p.77). The internal environment of firms is important, but his cluster theory 
emphasises the key role of the external environment on competition and innovation for firms. 
This is an important proposition for firm productivity, as productivity is said to be determined 
by competition (ESRC, 2003; Tsai, Song and Wong, 2009; Syverson, 2011). Porter (1998a) 
emphasised that productivity rests on how companies compete, and that competition will 
determine the productivity and competitiveness of firms. Thus, clusters can affect competition 
by increasing the productivity of companies based in the areas and driving innovation for 
further productivity growth (Palazuelos, 2005). 
Porter also recognised that firms compete and cooperate simultaneously to generate growth in 
a cluster (Porter, 1998a). Firms in clusters do not just benefit from competition, but in the case 
of localised firms that are similar and related, they can also benefit from cooperating together 
through a network of suppliers, services and customer relations. Porter (2000) further argued 
that industrial clustering is a business strategy for greater inter-firm competition and 
collaboration through agglomeration. This combination of competition and cooperation is 
called ‘co-opetition’. The term originates from the concept of game theory, an economic model 
of conflict and competition between rational decision makers (Nalebuff and Brandenburger, 
1997), but this research will adapt the term ‘co-opetition’ to refer to the coexistence of 
competition and cooperation in agglomeration. Co-opetition is also supported by other 
scholars. Firms benefit from co-locating with competitors which they are well informed about 
the characteristics of the competitors’ products and about the quality and cost of the production 
factors used (Bathelt, Malmberg and Maskell, 2004). Spatial proximity allows continuous 
monitoring and comparing with the competitors; this creates rivalry and serves as a motivation 
for product differentiation. In addition, firms that interlink and are complementary to each other 
share knowledge and collaborate through a network of suppliers, service and customer relations 
(Tsai, 2002; Bathelt, Malmberg and Maskell, 2004). However, for Marshall, conscious 
cooperation between cluster firms was not considered to be a key benefit from agglomeration 
economies. Yet, studies such as Markusen (1996) argued the importance of cooperation 
between firms within industrial districts. 
In relation to competition, it is necessary to note the importance of market structure and 
contestability as it represents the number and size of firms and the entry and exit barriers for 
potential competitors (Bhattacharya, 2002). Former economic models of agglomeration 
assumed a monopolistic competitive market structure to avoid problems associated with price-
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taking behaviour when there are economies of scales (Brosnan, Doyle and O’Connor, 2016). 
In the case of perfect competition labour market structure, firms will choose to locate in 
separate labour markets as the costs of higher wages outweigh the benefits of spillovers in 
agglomeration (Amend and Herbst, 2009). Nevertheless, Marshall (1920) supports the 
argument that a specialised industry cluster creates demand for specialised services and 
suppliers, thus incentivising the suppliers to be near the firms as they form important markets. 
Such spatial proximity of the suppliers generates economies of scale and reduces transportation 
and transaction costs; this shows the underpinning of the traditional rationale of spatial 
clustering. However, cooperation is argued to be only viable when cluster firms are similar or 
closely related. Then in the case of clusters with a diversity of industries and firms, the 
existence of co-opetition can be questioned. Additionally, to quantify and measure competition 
and cooperation is a challenge. Yet, it is an important element of clusters as it is a key driver 
for productivity (Porter, 1998a).  
From the review so far, Marshall and Porter have built theoretical frameworks of clusters on 
top of the underlying cluster advantages of proximity and cost reduction and co-opetition, 
which serves these two authors as the most commonly cited authors in relation to clustering 
and agglomeration (Lazzeretti, Sedita and Caloffi, 2014; Capone, 2015b). Despite the long 
history of these theories, Marshall’s agglomeration economies and Porters’ cluster theory is 
still applicable today and can be recognised as the basis to build the conceptual framework for 
spatial clustering in the T&H industry. However, minimal studies have examined such concept 
in T&H research. Thus, the current research will examine the effects of spatial clustering and 
agglomeration economies in the context of T&H. The following sub-section will critically 
review on spatial clustering in T&H, discussing the importance of Marshall’s and Porter’s 
theory, and then section 3.3 will focus on Marshall’s agglomeration economies and its 
importance on T&H productivity. 
3.2.2 Spatial clustering in tourism and hospitality 
Tourism itself is a spatial phenomenon that is considered highly relevant to spatial clustering 
and/or agglomeration compared to other industries in the economy. T&H and travel is about 
mobility, place and location, and services are inseparable in time and space as customers mostly 
travel to places where the services are delivered (Majewska, 2017). The T&H industry is 
characterised by strong localised production and consumption (Jackson and Murphy, 2002), 
which is established in high spatial concentration of both tourism demand and supply. In the 
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work by Porter (1998a), he presented a T&H-related example of a cluster – the Californian 
wine clusters. He demonstrated how producers, suppliers, advertising firms, consumers and 
distributors are clustered together to support the wine industry. This dates back to 1998, but 
such clusters in the T&H industry are still evident today: for example, London is the most 
concentrated tourist destination and a certain degree of clustering of hotels, restaurants, bars 
attractions, etc. can be expected in the UK – this will be empirically explored in Chapter 6. 
Thus, clusters occur under market forces in tourist destinations. 
T&H clusters are defined in various ways like the definitions of a cluster (Bathelt, 2008; 
McCann and Folta, 2008). This research will follow the definition provided by Weidenfeld, 
Butler and Williams (2011, p. 596), which defines a T&H (tourism) cluster as:  
“an array of linked industries and other entities, such as accommodations, attractions, 
retail outlets, associations and public agencies, which are in competition and which 
provide complementary products and services as a holistic tourism experience.”  
However, there are arguments that claim that the geographical distance between organisations 
is less of importance in the current past years. Boschma’s (2005) assessment of different types 
of proximity and their importance in complement with spatial proximity further supports this. 
With the growth of technology and digitisation in businesses, the physical boundaries of 
distance and proximity can be argued ‘frictionless’ (O’Sullivan, 2009), where movement of 
information, knowledge and resources is unconstrained by geography. In addition, there are 
some types of services, such as support, administrative or even financial services, that are 
provided at a distance, especially digital companies, e.g. online bookings (People1st, 2017). 
This implies that companies are not necessarily required to be in proximity by the help of 
digitisation and technology. This supports Porter’s argument that proximity is more than 
geography as it considers a business strategy and performance, i.e. it is context-driven and 
path-dependent (Porter, 1990). Despite such phenomenon has been acknowledged for a long 
time, empirical studies are minimal. Theory states that through agglomeration economies, a 
collection of tourism small- and medium-sized enterprises (SMEs) can physically (e.g. number 
of guests) and financially (e.g. hotel revenue) perform better as a result of co-location (Saxena, 
2005). With the T&H productivity problem identified in the previous chapter, there is scope 
for research to investigate spatial clustering in the context of T&H and its impact on 
productivity.  
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General literature on clustering and agglomeration are not just in situ in the economic 
geography discipline, but have extended to management literature where scholars have 
examined agglomeration in a broad range of industrial context, focussing on core management 
issues, such as performance, productivity and competitiveness of firms (Martin and Sunley, 
2003). This includes footwear and textile production, semiconductors and service industries 
like retail and hotels (McCann and Folta, 2008). However, studies in the context of service 
industries are especially scarce. For instance, the impact of spatial clustering in the hotel 
industry has been studied since the late 1990s, where much of the focus was on the 
agglomeration effect on hotel location choice and how it is heterogeneous for different types 
of incumbent hotels and new entrant hotels (e.g. Ingram and Inman, 1996; Baum and Haveman, 
1997; Kalnins and Chung, 2004; Adam and Mensah, 2014).  
In the twenty-first century, studies on the relationship between agglomeration and firm 
profitability emerged (e.g. Canina, Enz and Harrison, 2005; Peiró-Signes et al., 2014). New 
hotels tend to locate in areas where there are already hotels situated because of the opportunity 
to improve productivity and chances of survival (Kalnins and Chung, 2004; Barros, 2005; 
Yang, Wong and Wang, 2012). This is because clusters influence competition of the member 
firms which can increase productivity (Porter, 1998a), but also because when new hotels locate 
close to established hotels, there are high possibilities of spillover effects from agglomeration 
economies. Baum and Haveman (1997) claimed that this is possible when new hotels locating 
near established hotels are similar in pricing, but this is not the case for hotels of similar size 
due to the localised competition. Furthermore, research suggests that co-opetition between 
locally agglomerated firms creates geographical externalities that play a key role when tourism 
destinations compete with each other locally and internationally (Nordin, 2003; Novelli, 
Schmitz and Spencer, 2006; Peiró-Signes et al., 2014).  
In contrast, there are studies that found negative relationships between agglomeration and firm 
performance (e.g. Marco-Lajara et al., 2014). Maré and Graham (2010, 2013) found that in 
general, agglomeration effects on productivity are positive for most industries but with a 
convex relationship, indicating decreasing marginal returns as agglomeration increases. This 
may possibly be because of the increase in labour costs, and negative externalities generated 
from agglomeration, such as congestion and high competition (McCann and Folta, 2008; 
Glaeser, 2010), but Maré and Graham (2013) did not elaborate on the reasoning. This is a 
dominant pattern in the UK, according to Graham (2006 cited in Maré and Graham, 2013), yet 
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in some sectors, such as agriculture and mining, effects were negative on productivity. 
Nonetheless, research specifically on the T&H industry and the relationship between spatial 
clustering and productivity is lacking.  
Few studies on T&H and clustering have argued and found that the firms within a cluster 
perform better. Novelli, Schmitz and Spencer (2006) claimed that clusters and networks are 
essential for regional development and enhancing productivity and innovation, and the project 
identified positive inter-cluster firm synergies generated from the clustering of T&H 
stakeholders. Yet, the project was relatively new and young, which meant that empirical data 
were unable to be collected and thus have not quantitatively examined the effect of clusters on 
T&H productivity. Yang (2012) argued that the denser the tourism cluster, the more benefits 
tourism firms get from local collaboration within the cluster. This can satisfy tourism demand 
and firm advantages, which are factors of productivity in T&H. This study concluded with 
significant positive effects of the density of agglomeration on productivity. However, more 
studies are required to validate this relationship as the unique and distinctive nature of the T&H 
industry may either enhance or diminish cluster effects, which have been commonly examined 
by the manufacturing industry (Peiró-Signes et al., 2014). This research therefore proposes to 
test the following hypothesis: 
Hypothesis 1. The higher the degree of clustering of T&H firms in a spatial unit, the 
higher the labour productivity of T&H firms in a spatial unit. 
3.3 Agglomeration economies 
In the late nineteenth century, Alfred Marshall published The Principles of Economics 
(1890/1920) and presented an economic argument to explain the phenomenon of spatial 
clustering of firms and industries using the concept of external economies of scale. Marshall 
(1920) first differentiated internal and external economies of scale: internal economies of scale 
occurs when firm production increases and cost depreciates owing to managerial, financial and 
technological sources, and external economies of scale are benefits of agglomeration generated 
outside the firm that are available to firms in proximity to other related firms and suppliers 
(Gordon and McCann, 2000; Brosnan, Doyle and O’Connor, 2016) – Figure 3.1. The internal 
economies of scale are important for firms as it measures the efficiency of a firm’s performance 
(i.e. productivity) and greater competitive advantages can be gained (Malmberg, Malmberg 
and Lundequist, 2000). However, it is usually dependent on the firm’s size and management 
related to their physical and human capital, and thus very firm-specific (ibid.). Agglomeration 
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economies are seen as being relatively more important to firms that are unable to exploit these 
internal economies of scale due to possible constraints on firm growth, investment, etc. 
(Gordon and McCann, 2000). Given the T&H industry is comprised of SMEs, this research 
will focus less on the internal economies of scale. 
Figure 3.1 The concept of economies of scale 
Source: Author (2019) 
Marshall categorised the external scale economies of clustering into three, so-called the trinity 
of agglomeration: (i) input-output linkages, (ii) labour market pooling and (iii) knowledge 
spillovers (Phelps, 2004; Ellison, Glaeser and Kerr, 2010; Brosnan, Doyle and O’Connor, 
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2016). These three drivers formulate the ‘agglomeration economies’ and is argued to be the 
key economic rationale to why specialised industries cluster in particular localities (Marshall, 
1920). They are socio-economically beneficial to the member firms and industries within the 
cluster as spatial proximity minimises the transport costs of both input and output resources, 
such as goods, people and ideas (McCann and Folta, 2008; Glaeser, 2010), but also maximises 
productivity through labour market pooling and knowledge spillovers (Martin and Sunley, 
2003). The spatial movement of labour across firms within a cluster can enact significant 
knowledge transfers which can enrich the pooling of labour that occurs due to agglomeration. 
Furthermore, such knowledge transfers can cause spillover effects, generating innovation and 
product differentiation (Porter, 1990, 1998a), which further create competitive advantages for 
firms and enhance their productivity (Bathelt, Malmberg and Maskell, 2004).  
Under the concept of agglomeration economies, there are two theoretical perspectives that 
further explain the advantage of clustering (Figure 3.1). First is ‘urbanisation economies’ which 
refer to the externalities that arise from the concentration of aggregate economic activity, 
including firms and industries from multiple sectors (McCann and Folta, 2008). The benefits 
of such clustering are external to the individual firms, but internal to the region as a whole 
(Andersson and Loof, 2011). This relates to the Jacobean externalities of agglomeration, which 
emphasises the role of diversity in regional economies (McCann and Folta, 2008). Second is 
‘localisation economies’ which refer to the concentration of firms in the same or closely related 
industries; this is also known as the Marshall’s agglomeration economies. The benefits of 
clustering are external to the individual firms, but internal to the industry in the region 
(Malmberg and Maskell, 2002; Andersson and Loof, 2011). Marshall focusses on the external 
economies of scale as promoting industrial localisation, but Jacobs’ key focus is on knowledge 
spillovers and sees the role of diversity on the creation of jobs and knowledge sharing, which 
ultimately produces a diverse local economy (Faggio, Silva and Strange, 2017).  
This research will only focus on Marshall’s agglomeration economies (i.e. localisation 
economies) because T&H firms tend to co-locate together in a region based on tourism demand 
and supply, and the industry has a strong localised production and consumption system 
(Jackson and Murphy, 2002). Studies confirm the significance of localisation economies on 
tourism growth (Capone and Boix, 2008; Yang and Fik, 2014). However, Faggio, Silva and 
Strange (2017) argued that Marshall’s agglomeration economies and Jacobs’ externalities are 
complementary as they share the ideas of knowledge spillover and labour pooling, but also 
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findings show that local diversity adds to the agglomeration process. Yet, this is not for input-
output linkages, and the study only looks at the manufacturing industry, which opens scope for 
a variance in the results in the context of the service industry. Urbanisation economies can be 
attractive for new entrants as the inter-industrial clustering can help firms develop their demand 
and encourage new ideas across different industries (Walsh, Enz and Canina, 2004; Zhang et 
al., 2013; Marco-Lajara, Claver-Cortés and Úbeda-García, 2014). Luo and Yang (2016) 
examined localisation and urbanisation economies separately and found that significant effects 
on hotel location choice vary. However, as this research is centred on the degree of clustering 
of firms in the same industry sector (i.e. T&H), localisation economies is considered to be more 
appropriate. 
Studies on the relationship between agglomeration economies and productivity spurred when 
the idea that spatial clustering generates external scale economies was accepted in academia. 
There is considerable evidence that productivity is positively associated with agglomeration. 
Ciccone and Hall (1996) gave evidence that in the US, when doubling county-level 
employment density, state-level labour productivity rises by 6 percent. Porter (1998a) argued 
that in a cluster, firms are to operate more productivity as they have better access to employees 
and suppliers, information and technology, but also better coordination and monitoring. 
Glaeser and Maré (2001) used nominal wage as a measure of productivity, and found that 
across the US metropolitan areas, the urban wage premium from urban clustering was around 
33 percent. Furthermore, Rosenthal and Strange (2004) focussed on urban increasing returns, 
where external scale economies exist when the scale of the urban environment adds to 
productivity, looking at agglomeration economies in three scopes: industrial, geographical and 
temporal. All three scopes showed positive results in relation to productivity. However, these 
studies are based on macro-level data which provide only one side of the story (Rosenthal and 
Strange, 2004). Additionally, studies mentioned above are in the context of the manufacturing 
and production industry, where input and output are tangible and measurable to conduct such 
empirical research.  
Yet the service industry is somewhat under-researched, especially the T&H industry despite 
its high relevance to agglomeration economies due to its intangible nature (Capone, 2015). 
Positive spatial relationships between agglomeration and productivity in T&H is based on 
spatial proximity of related firms, which plays a key role in developing strong levels of trust 
and effective knowledge sharing among these firms (Shaw and Williams, 2009). Peiró-Signes 
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et al. (2014) argued that synergetic effects within clusters justify the existence of localisation 
economies, which is reflected on firm performance, due to significant co-opetition. This means 
cooperation among inter-dependent businesses (e.g. travel agencies, hotels and other public or 
private T&H entity) and competition among hotels that enhances productivity and innovation 
within the T&H cluster (Nordin, 2003). A study by Yang and Fik (2014) is one of the few that 
looks at agglomeration economies, specifically localisation economies, and tests its 
relationship with tourism growth. Findings show a significant positive relationship, but spatial 
heterogeneity which could have influenced the results were not statistically tested. Chan, Lin 
and Wang (2012) found that there is a positive impact of intra-regional position of the tourism 
industry (i.e. the degree of agglomeration of the tourism industry relative to other industries in 
a region) on labour productivity, but further research on labour productivity is apparent. Thus, 
the micro geographic scope of agglomeration and different sectoral contexts require further 
scholarly contributions in order to gain a better understanding on agglomeration economies, 
which this research will undertake by looking at the impact of agglomeration economies on the 
labour productivity of T&H firms. 
3.3.1 Demand-side VS supply-side agglomeration 
It is important to distinguish between the demand-side and supply-side agglomeration to 
identify and build a clearer understanding of agglomeration, which has been recognised by 
many scholars including Marshall himself. Supply-side agglomeration refers to the 
geographical concentration of specialised input (physical and human capital) providers which 
grants local access to services and more efficient tacit knowledge transfers, where as demand-
side agglomeration refers to the geographical concentration of related or similar firms which 
reduces consumer search costs and increases in demand (McCann and Folta, 2009). McCann 
and Folta (2009) summarised the differences between the two types of agglomeration – Table 
3.1. The researchers have argued that depending on the type of agglomeration, due to the 
difference in their sources, different features of agglomeration and its effects will be perceived. 
Yet, little has been done regarding the operationalisation of the theoretical and empirical 
implications of the differences. 
In the context of T&H, majority of the few studies on agglomeration are focussed on the 
demand-side agglomeration. This is because, following Table 3.1, the industry itself is highly 
localised, driven by demand and tourists tend to reduce their search cost to maximise their 
utility of time and costs (Adam and Mensah, 2014). Additionally, in the case of the hotel 
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Table 3.1 Differences between supply-side and demand-side agglomeration 
 Supply-side agglomeration Demand-side agglomeration 
Source of 
agglomeration 
• Specialised inputs, labour and 
knowledge spillovers 
• High demand and low consumer 
search costs 
Composition • Both horizontally and vertically 
related firms – focal firms, 
suppliers, relevant institutions 
(universities, consultants, etc.) 
• Related industry firms, producers 
of complementary products and 
primary consumer groups 
• Mainly horizontally related firms 
• Focal firms  
• Perhaps firms with complementary 
goods 
Relationship 
complexity 
• High 
• Large number of both vertical 
and horizontal relationships 
between the member firms 
• Knowledge flows across these 
relationships, a relatively 
complex process  
• Knowledge that flows is often 
tacit 
• Low 
• Realising agglomeration benefits 
does not require any intra-cluster 
firm relationships to exist 
• If inter-firm relationship does exist, 
relationships tend to involve 
exchange of explicit information 
Geographic size • Physical adjacency is not 
necessary to realise benefits of 
agglomeration 
• Can extend over a fairly wide 
geographic range 
• Physical proximity is necessary for 
low search costs 
• Tighter clustering is expected 
Source of 
diseconomies 
• Congestion costs and increasing 
input prices are less likely to 
develop as quickly 
• Adverse selection concerns may 
be balanced by ‘better’ firms 
benefitting more 
• Congestion costs and increasing 
input prices are more likely to 
develop as quickly 
• Adverse selection concerns are not 
balanced by ‘better’ firms 
benefitting more 
• Increased localised competition  
Life cycle • Initial development should take 
longer 
• Takes longer to reach 
diseconomy stage 
• Initial development should not take 
long 
• Quicker to reach diseconomy stage 
Temporal 
changes in value 
• Growing 
• As successful competition 
continues to become more 
dependent on knowledge and 
innovation, cluster value should 
continue to increase 
• Decreasing 
• Falling transportation costs and 
increased information availability 
make it less costly to gather 
information about heterogeneous 
products 
Source: McCann and Folta (2009, p. 370) 
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industry, agglomeration externalities can exist and be received between hotels in a cluster 
despite there is no established relationship between them and no shared information amongst 
the clustered hotels (McCann and Folta, 2009). Nevertheless, there are proximate hotels that 
have connections and share information, which tends to be explicit rather than tacit (Kalnins, 
2006). Examples of T&H-context studies that have examined demand-side agglomeration 
show significant impacts on the industry. Chung and Kalnins (2001) and Kalnins and Chung 
(2004) found that agglomeration increases demand in the US lodging industry, especially in 
rural markets where the reduction of guest search costs can be more effective. However, 
contributions to demand-side agglomeration were found to be asymmetric: some cluster firms 
contribute to agglomeration economies and spillover effects, whereas other cluster firms only 
benefit from agglomeration economies and spillover effects (Shaver and Flyer, 2000). Thus, 
this tends high-resource firms to avoid markets with high numbers of low-resource incumbent 
firms, which can lead to adverse selection and firms avoiding to co-locate.  
However, robust empirical findings are very limited in the context of supply-side 
agglomeration and T&H. Adam and Mensah (2014) found that hotels desire to benefit from 
other hotels in co-location, which supports the supply-side agglomeration benefits of 
production enhancement, which can enhance hotel performance (Baum and Haveman, 1997; 
Chung and Kalnins, 2001; Egan, Chen and Zhang, 2006). The studies mentioned above has 
been in the context of the lodging industry, which may be considered to be too narrow 
compared to the whole T&H industry. Observing the features of supply-side agglomeration in 
Table 3.1, such type of agglomeration can also be closely associated with the T&H industry. 
For instance, T&H clusters are comprised of related industry firms, producers of 
complementary products and primary consumer groups (Porter, 1998a; Weidenfeld, Butler and 
Williams, 2011). Additionally, with the T&H industry facing challenges in productivity 
enhancement and difficulties in retaining its labour, the supply-side of agglomeration is 
relevant in terms of addressing these challenges rather than the demand-side agglomeration. 
The geographical concentration of human capital providers can grant local access to services 
and more efficient tacit knowledge transfers, which can facilitate T&H firms to improve in 
their labour productivity via both competition and collaborative behaviours, increasing the 
value for the T&H cluster in the long run. However, to the best of the researcher’s knowledge, 
there is no study that have examined the supply-side agglomeration economies and the effects 
on labour productivity of T&H firms; the current research is the first attempt to analyse this 
proposition. 
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The following sections will critically review the trinity of agglomeration economies – input-
output linkages, labour market pooling and knowledge spillovers – in more depth. 
3.3.2 Input-output linkages 
In an agglomeration, due to the advantage of scale economies, suppliers, producers and 
consumers are closely situated which makes the sharing of inputs and outputs easier – this is 
called input-output linkages. For a long time, agglomerations were occasionally characterised 
by strong internal input-output linkages (e.g. Goldstein and Gronberg, 1984; Bathelt, 
Malmberg and Maskell, 2004). Due to spatial proximity, the complementarity creates mutual 
benefits amongst the firms which would be visible through input-output links (Brosnan, Doyle 
and O’Connor, 2016). Marshall (1920) highlighted the significance of local supplier and 
customer linkages in agglomeration. McCann and Folta (2008) supported this by arguing that 
agglomeration economies are more prone to industries that require specialised inputs, such as 
suppliers, production facilities and services. Clusters attract such specialised suppliers in large 
numbers, providing access to products and services that firms would not have been able to 
afford individually. This does not just benefit the firms within the cluster, but also are 
advantageous to the supplier as geographical proximity reduces transportation costs and 
establishes trust and better communication (Porter, 1998a). However, how this linkage with 
suppliers and customers co-evolved within the cluster is known little. Recent research suggests 
that localised industries have co-evolved by firms diversifying and adopting new relevant 
technologies (e.g. Potter and Watts, 2014), but there is a dearth of research on the input-output 
linkages. Most of the empirical studies on agglomeration economies tend to examine the other 
two elements – labour market pooling and knowledge spillovers. This is potentially because of 
data limitations, but also because labour and knowledge are key inputs in production, and with 
the emergence of the learning economy, the focus have shifted from the traditional approaches 
based on proximity and cost reduction to more contemporary approaches on labour mobility, 
knowledge spillovers and innovation (Malmberg and Maskell, 2002).  
Research on input-output linkages in the T&H discipline is difficult to find. Considering the 
characteristics of the T&H industry, the heterogeneity, inseparability, simultaneity and 
perishability imply that the interaction between the supplier and consumer is immediate and 
thus it is challenging to detach the input and output (Jones, 1998; Brown and Dev, 2000; De 
Jorge and Suárez, 2014). In addition, the concept of co-creation along with the development of 
information technology (IT) facilitating the interaction between consumers and suppliers 
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makes it difficult to identify the input-output linkages (Ritzer and Jurgenson, 2010; Neuhofer, 
Buhalis and Ladkin, 2013). Though looking at the concept of tourism clusters, the dimension 
of input-output linkages can be seen as embedded in the concept itself. Tourism clusters are 
regarded as a geographic concentration of interconnected firms in tourism activities, which 
includes suppliers, services, public bodies, institutions and competitors (Capone, 2015). Costa 
(2005 cited in Santos Estêvão and Ferreira, 2009) further added that in a tourism cluster 
development, accommodation, food and beverage, transport, travel agency and tour operator, 
vehicle hire services, and many more should be included. This suggests that input-output 
linkages tend to be embedded in tourism clusters, under the market forces of demand and 
supply. Real examples include the California wine cluster (Porter, 1998a) and rural wine and 
food tourism cluster in New Zealand (Hall, 2005). In the case of hotels, specialised local 
suppliers may include food and beverage suppliers and/or distributors and private firms that 
provide hotels with external leisure and convention facilities and services, for example, hotels 
in Beijing (Yang, Wong and Wang, 2012). Yet, research that focusses wholly on the input-
output linkages dimension of agglomeration is unknown in the T&H discipline. Additionally, 
for such reasons, data on input-output linkages are difficult to obtain, which reduces the scope 
for research. This research focusses on the labour productivity of T&H firms and due to data 
unavailability, input-output linkages will not be dealt in this research.  
3.3.3 Labour market pooling 
When firms cluster in a region, labour also cluster as firms are comprised of labour. Thus, a 
labour market pools into a locality that allows a more efficient allocation of labour following 
productivity or demand shocks. This is because workers can leave firms that are less productive 
and move to firms with better productivity prospects and also due to lower relocation costs and 
better information about opportunities (Glaeser, 2010). Labour market pooling therefore 
manifests the matching effect between the job and employee, reducing the possibility of 
mismatch and risks (Helsley and Strange, 1990). A pool of labour creates an advantage for 
both employees and firms as it improves matching and facilitates the adjustments to shocks in 
the labour market (Amend and Herbst, 2009). Reducing the mismatch between the job and 
worker can increase productivity (Andersson, Burgess and Lane, 2007). 
Most empirical studies focus more on the role of knowledge spillovers, but it is evident that 
labour market pooling is also considered equally important. Dumais, Ellison and Glaeser 
(2002) analysed agglomeration economies at various geographic aggregation levels and found 
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input sharing occurring at the metropolitan and more at the state level, knowledge spillovers 
only at the metropolitan level, but labour market pooling (density) at all levels of aggregation. 
Overman and Puga (2008) showed evidence of the positive and significant role of labour 
pooling in agglomeration, measured by labour pooling potential – the difference between the 
percentage change in the plants employment and the percentage change in the industry’s 
employment. Results showed that plants that face more idiosyncratic shocks relative to their 
industry are more spatially concentrated, benefitting from labour market pooling. Krugman 
(1991b) also emphasised the advantage of the labour market pooling in the reduction of risks 
as of the availability of workers in response to productivity and demand shocks and the 
incumbent workers that are at lower income risks. Not only is labour market pooling a benefit 
of clustering, but it can also be considered as a source of agglomeration as firms and workers 
choose to locate and move to agglomerated urban cities expecting to be better matched (Helsley 
and Strange, 1990).  
Labour mobility within the local labour market and across different sectors within a cluster is 
important in light of labour market pooling (and knowledge spillovers) as it links to the transfer 
of skills and knowledge that are embedded in the employees, which are not easily learnt 
between firms (Bathelt, Malmberg and Maskell, 2004; Combes and Duranton, 2006). Labour 
mobility implies that workers can move within the pooled labour market to adjust to demand 
changes and improve the matching between the job and worker. Before, labour was regarded 
as the most immobile factor of productivity and promoted localised forms of agglomeration, 
but now with increasing personal mobility, labour mobility is considerably more important in 
agglomeration economies (Phelps, 2004). This raises the return on human capital investments 
and heightens resilience to productivity shocks. However, there is a condition of the 
complementarity of labour skills and firm skills requirements to optimise the matching effect 
(Amend and Herbst, 2009). Firms and sectors that require similar skills tend to cluster together 
to benefit from the easy access to a labour force with the relevant skills, increasing productivity. 
Amiti and Cameron (2007) found that the higher the similarity of occupational distribution of 
the workforce, the higher the productivity, which supports Baldwin et al. (2008) and Mion and 
Naticchioni (2009). Gabe and Abel (2012) found that jobs within similar skills and knowledge 
profiles tend to cluster together too. However, studies have argued that heterogeneous skills 
and skills requirements within a labour market pool enables greater sorting, which 
consequently can drive higher productivity and wage levels (Wheeler, 2006; Amend and 
Herbst, 2009; Graham and Melo, 2009; Andini et al., 2012; Campos, 2012; Melo and Graham, 
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2014). In a cluster, the skills gap between workers and firms is smaller and thus the possibility 
of mismatch is lower too. Henceforth, labour market pooling acts as a safeguard to firms and 
workers against demand shocks (Overman and Puga, 2008; Amend and Herbst, 2009).  
Labour market pooling raises the level of productivity of firms in a cluster. A concentration of 
firms and industries across space is more productive due to the high attraction of more skilled 
workers (Glaeser, 2010). There are studies that argue the density of human capital and its 
importance in productivity growth. Rosenthal and Strange (2001) found positive effects of 
labour market pooling, measured by the share of skilled and higher education workers, on 
agglomeration. Metropolitan areas with human capital stock yield productivity benefits, 
according to Abel, Dey and Gabe (2012). However, questions again rise for the non-
metropolitan areas, but also for any skill type workers. Additionally, the effect of high-density 
areas with human capital stock are greatest in knowledge-based industries, such as professional 
service, information and finance. However, in the T&H industry, much of its workforce is low-
skilled and has low qualifications, excluding the top management levels, thus results may be 
controversial in such industry context. Moreover, People1st (2017) recently reported the lack 
of skilled managers in the T&H industry, where in many instances, employers have 
acknowledged that managers were being promoted without the necessary development support, 
lacking the relevant expertise to manage and retain staff effectively. Yet, it has been argued 
that the quality and diversity of the local labour market have been key to understanding the 
significance of clusters (Bathelt, 2008).  
However, research has argued the trade-off between labour market pooling and labour 
poaching, which refers to the loss of workers due to competition. Combes and Duranton (2006) 
studied such trade-off, and argued that when firms cluster in the same local labour market, 
there can be benefits of labour market pooling, where a large pool of labour increases job and 
skill accessibility within the market, but it can also lead to labour poaching and significant 
knowledge diffusion. Yet, there are also costs to poaching, for example, rival firms can have 
access to firm’s internal knowledge via labour movement as a result of poaching and also an 
increase in wage bills in order to retain knowledgeable workers within the firm (ibid.). An 
increase in labour costs due to the accumulation of human capital via working can cause 
adverse effects of agglomeration on firm and labour productivity (Amend and Herbst, 2009; 
McCann and Folta, 2009). Moreover, Combes and Duranton (2006) demonstrated that as 
product market competition is perfect, firms tend to avoid co-location as the cost of higher 
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wages outweighs the benefits of the spillovers of labour market pooling and its subsequent 
knowledge spillover. Yet, some locations of sector clustering may have lower wages if cluster 
firms acknowledge reduced search costs for specialised workers (Henderson, 1986) or if 
workers are willing to accept lower wages to protect themselves from firm-specific shocks 
(Krugman, 1991a). Thus, these implications on the cost of labour on productivity must be 
accounted for. 
The significance of labour market pooling is also questionable for the case of rural areas with 
clusters, regardless of its size. Most of the aforementioned literature was in urban settings, but 
in T&H, not all destinations and firms are in urban areas. Krugman (1991a) argued that in rural 
markets, due to the in-situ demand, agglomeration forces are limited. Hall (2005) presented a 
rural wine and food tourism cluster in New Zealand, and highlights the success of networking 
which facilitates labour pooling. Novelli, Schmitz and Spencer (2006) also examined the UK 
healthy lifestyle tourism cluster in East Sussex, and results have shown significant benefits for 
SMEs that used to work in isolation. These examples demonstrate the significance of 
agglomeration economies not only in metropolitan and urban areas, but also in rural areas; 
however, their research focus is on networking and innovation (i.e. knowledge spillovers) as 
drivers of cluster success, rather than the significance of labour market pooling. Nevertheless, 
above all in the long run, labour market pooling is argued to boost productivity of firms and 
labour, but also flexibility to adapt to fluctuations in demand and technological change (Amend 
and Herbst, 2009).  
Service industries are labour-intensive, especially in the T&H industry, and considering T&H 
clusters are highly localised, such clusters will have a pooling labour market. Such benefits can 
help T&H firms improve in productivity and efficiency, but there is no concrete evidence to 
this. Despite the T&H industry is highly labour intensive, its characteristics make it a challenge 
– transient and migrant labour, high turnover rates and temporary contracts (People1st, 2013; 
Baum, 2015). This implies that both labour mobility and flexibility is high, but whether this is 
identified as an economies or diseconomies of scale is unknown. Yet, theory suggests the 
possibility of a positive impact of labour market pooling on firm and labour productivity. The 
numerical and functional flexibility of T&H labour creates a pool of labour where they can be 
matched according to the changes in labour demand (Kalleberg, 2001; Amend and Herbst, 
2009; Preenen et al., 2015). In consequence, this can increase the efficiency of T&H firms and 
enhance labour productivity and flexibility (Looise and van Riemsdijk, 1998; Amend and 
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Herbst, 2009; Andini et al., 2012; Yaduma et al., 2015; Park et al., 2016). However, empirical 
studies in the context of T&H is marginal. As People1st (2015) suggested that flexible and 
diverse labour pools are important to overcome the challenges of skills and productivity gap in 
the industry, it would be interesting to explore the effects of labour market pooling on this 
matter. Henceforth, the following hypotheses are proposed:  
Hypothesis 2a. The higher share of skilled T&H employees (defined by employees 
with National Vocational Qualification (NVQ) level 1-5 or equivalent qualification(s)) 
in a spatial unit, the higher the labour productivity of T&H firms in a spatial unit. 
Hypothesis 2b. The higher share of T&H employees with jobs that require formal 
qualification(s) for entry (proxy for high-skilled jobs) in a spatial unit, the higher the 
labour productivity of T&H firms in a spatial unit. 
3.3.4 Knowledge spillovers 
Knowledge spillovers refer to the transfer of knowledge from one agent to another (Marshall, 
1920; Marco-Lajara et al., 2016). Knowledge transfer and spillovers are generally facilitated 
when firms are in spatial proximity, which forms the basis for learning and innovation 
(Boschma, 2005). This suggests the key role of spatial clustering on knowledge spillovers, as 
they tend to be localised (Porter, 1990; Malmberg, Solvell and Zander, 1996; Maskell and 
Malmberg, 1999; Malmberg and Maskell, 2002). Localised clusters of similar and related firms 
form a local milieu or learning region that facilitates knowledge spillovers. This can stimulate 
learning and innovation, ultimately boosting productivity of firms but also the cluster region 
(Jaffe, Trajtenberg and Henderson, 1993; Asheim, 1996; Ellison and Glaeser, 1997; Bathelt, 
Malmberg and Maskell, 2004; Iammarino and McCann, 2006; Boschma and Ter Wal, 2007). 
Learning within these clusters is possible due to the mutual relationship, shared interaction, 
language and knowledge about other firms and their trust and competencies (Bathelt, 
Malmberg and Maskell, 2004). Boschma (2005) referred to there being different types of 
proximity – cognitive, organisational, social, institutional and geographical/spatial (section 
3.2) – which work effectively in terms of complementarity. This enables firms within the 
clusters to learn quicker and earlier about societal changes, organisation culture changes and 
evolving technology, and furthermore, owing to spatial proximity, communication and face-
to-face contact is accessible for convenient knowledge transfers (Porter, 1998a). The 
significance of localised learning generates innovation and growth, but also economic 
competitiveness for firms and industries within the cluster (Bathelt, Malmberg and Maskell, 
2004; Phelps, 2004). 
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With the rise of globalisation, technological advancement and the learning economy, most of 
the empirical works on agglomeration and productivity effects are focussed on the learning 
mechanism and the role of knowledge spillovers amongst firms and regions. A number of 
researchers focus on knowledge spillovers delivered via networks and local innovation milieu 
(e.g. Pyke, Becattini and Sengenberger, 1990; Giuliani, 2007; Andersson and Loof, 2011; 
Baggio, 2011). Saxenian (1996) supported the notion that regional networks are key to 
knowledge diffusion, highlighting that social networks increase labour mobility across firms, 
creating a useful mechanism for knowledge spillovers (Audretsch and Feldman, 2004). 
Harrison, Kelley and Gan (1996) provided evidence of the impact of localised learning (local 
milieu) and innovation in urbanisation economies. Local milieu of collective learning is also 
supported by Maskell and Malmberg (1999), but as Cohen and Levinthal (1990) suggested that 
no matter how many different ways there are for knowledge spillovers to occur, the importance 
lies on the firm’s ability to absorb new knowledge (i.e. absorptive capacity). This takes us back 
to cognitive proximity, where the importance of proximity lies not just in the spatial dimension, 
but also having the shared knowledge base between firms in order to communicate, understand, 
absorb and operationalise new information successfully (Boschma, 2005). This also refers to 
the internal features of the firm, but this will not be addressed in this research as the focus is 
on the external dimension. 
Knowledge spillovers involve two types of knowledge: codified and tacit. Codified knowledge 
is physically transferable (e.g. documents and reports), whereas tacit knowledge is not 
(Dunford, 2000; Bathelt, Malmberg and Maskell, 2004; O’Sullivan, 2009). Tacit knowledge is 
intangible in nature, and tends to be embrained, embodied, encultured and embedded in humans 
(e.g. ideas and know-hows) (Blackler, 2002; Bathelt, Malmberg and Maskell, 2004; Shaw and 
Williams, 2009). Embrained and embodied knowledge are held by individual workers, which 
are transferrable via learning by observation or participation and also require labour movement 
(Williams, 2007b). Encultured and embedded knowledge are place-specific; they are socially-
situated and institution-specific (Williams and Baláž, 2008). Thus, it is difficult to formulate, 
manage, transfer and share (Dunford, 2000; Williams, 2007a), and the transfer of tacit 
knowledge requires spatial proximity and mutual relationship based on trust (Boschma, 2005). 
Clusters can facilitate the diffusion of both types of knowledge as firms are close in distance, 
which also reduces the costs of transportation (Weidenfeld, Williams and Butler, 2010). This 
enables labour mobility to transfer the knowledge to other firms within the cluster. Such 
knowledge transfer is a source of innovation in agglomeration economies, which can boost 
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firm performance. However, tacit means it is intangible and difficult or impossible to measure. 
In past studies on the manufacturing and production industries, the movement of knowledge 
had a physical trail, for example, patent citations and research and development (R&D) 
expenditure (e.g. Jaffe, Trajtenberg and Henderson, 1993; Paci and Usai, 1999; Audretsch and 
Feldman, 2004; Ellison, Glaeser and Kerr, 2010). Conversely, in the service economy, these 
largely do not exist, and knowledge tend to be tacit in nature, which means that the measure of 
knowledge transfer is a big challenge.  
Knowledge in the T&H industry is strongly tacit in nature, and innovation is generated through 
the new knowledge and ideas learnt and shared between individuals and at organisational 
levels, which can enhance the productivity and competitiveness of both the workers and firm 
(Weidenfeld, Williams and Butler, 2010). Labour movement across firms and sectors within a 
cluster can stimulate significant knowledge spillovers (Rosenthal and Strange, 2004). Many 
scholars have accepted the argument that the movement of labour, where individual workers 
are a carrier of knowledge, implies the movement of knowledge (Almeida and Kogut, 1999; 
Pinch and Henry, 1999; Henry and Pinch, 2000, 2001). Combes and Duranton (2006) argued 
that labour poaching is a way for firms to increase productivity via the subsequent diffusion of 
knowledge and that spillover effects of labour and knowledge can have knock-on effects on 
product market competition between cluster firms (refer to section 3.3.3). This is highly 
relevant to the T&H industry as the knowledge of labour tend to be embedded and embodied 
(Yang and Wong, 2012).  
Learning and knowledge empowers individuals, which subsequently have positive impacts on 
the T&H workforce and their productivity (Williams, 2005; Amend and Herbst, 2009). This is 
particularly potentially powerful in the T&H industry because it has a large number of diverse 
workers, including young, female, international and migrant workers owing to the higher 
proportion of low-skilled occupations, and the need to assemble labour forces often in 
relatively peripheral locations. An increase in migration implies that more people are moving, 
thus more knowledge is moving (Williams and Baláž, 2008). Migrants who move to and 
through different localities bring combinations of tacit and codified knowledge, generating 
unusual learning and sharing of uncommon or indigenous knowledge (Allen, 2000). Due to 
such phenomena, migration signals to employers that a particular social group (i.e. migrants) 
is a potential source of knowledge bearers that can facilitate dispersed and multi-directional 
learning in large firms at a global level (Williams, 2005). In consequence, the sharing of 
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knowledge between individuals can be of great significance upon labour productivity, but also 
firm productivity in T&H clusters because it creates learning opportunities (Smith, 2001).  
Furthermore, given that the T&H workforce is low-skilled and gains their skills and 
competencies via demonstrations, observations and imitations, much of the knowledge is job-
related and thus highly relevant to their past work experience (Audretsch and Feldman, 1996; 
Yang, 2007). Some examples of this knowledge are: standard operation procedures, daily 
routines, the products and service offered, guest interaction skills, employee behaviour, 
interpersonal relation skills, strategies and information about competitors’ and guests’ 
knowledge, etc. (ibid.). Based on the knowledge management concept, identifying, sharing, 
creating and storing of knowledge are key (Rowley, 2000), of which the transfer or diffusion 
of knowledge is fundamental (Yang, 2007). Inkpen (2000 cited in Yang, 2007) highlighted that 
the impact of knowledge on firm performance will be limited without the sharing of individual 
knowledge throughout the firm. In the context of the hotel industry, Baum and Ingram (1998) 
inferred that the diffusion of work experience from the worker’s own and other hotels within 
the same chain has significant benefit on the daily operations, and thus hotel performance. Lee, 
Choo and Yoon (2016) also argued that spillover and transfer of tacit knowledge among 
affiliated firms may be easier. It is not just about the movement of labour between firms in a 
cluster, but initially, movement of labour within a firm, i.e. their experience and the knowledge 
interflow from different departments of a firm, also accumulates knowledge and skills via 
learning-by-doing (Arrow, 1971). It is important for firms and employees to be conscious of 
such tacit knowledge as these can enhance their productivity and performance, which further 
improve employee behaviour and motivation as knowledge is power (Dunford, 2000; Grandori 
and Kogut, 2002; Yang, 2008). Due to data unavailability, the movement of labour between 
affiliated T&H firms could not be operationalised. 
On the other hand, knowledge spillovers are challenging when they involve humans. This is 
because people tend to hoard knowledge, where sharing seems unaccustomed, especially when 
there is a gain and loss to individuals (Wah, 1999). For example, when working in sales, 
workers are needing to meet their target quotas, which means that everyone competes with 
each other within the department for their own productivity to meet their targets (Yang, 2008). 
In contrast, Tsai (2002) argued that this intra-organisational competition can have positive 
impacts on firms. He highlights the potential of co-opetition within a co-ordination mechanism 
on knowledge sharing in intra-organisational (social) networks. The study found that formal 
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hierarchical structure from centralisation has significant negative effects on knowledge 
sharing, and informal lateral relations from social interaction have positive effects. This relates 
to the T&H industry as knowledge sharing and spillovers can have significant impacts on 
labour productivity and how this can occur is via the movement of individuals who have 
accumulated knowledge from internal knowledge sharing within multiunit organisations, 
typical in T&H. Additionally, this relates to numerical and functional flexibility of labour 
which can have positive influences on labour productivity (Yaduma et al., 2015; Park et al., 
2016).  
It is important to acknowledge that knowledge spillovers are not uni-directional (Mariotti, 
Piscitello and Elia, 2010). This means that knowledge can flow in but also out, which can cause 
negative effects on firms and their performance. In addition, because firms are in spatial 
proximity does not mean that firms will necessarily interact with each other and also interaction 
does not always mean positive spillovers (ibid.). Firms may absorb certain knowledge, but also 
lose it, and the net balance is not always positive. Knowledge spillovers therefore can have 
negative effects on productivity. For example, when the knowledge spillover is exerted from 
superior firms to weaker firms, then the superior firms do not benefit from knowledge spillover 
(Marco-Lajara, Claver-Cortés and Úbeda-García, 2014). This relates back to Shaver and 
Flyer’s (2000) argument that there are receivers and contributors to agglomeration effects, 
which can have controversial effects on productivity of the firm and labour. Increase in 
competition between firms within a cluster, especially where firms are located in the same 
destination that have similar firm-characteristics can also lower productivity levels (Baum and 
Mezias, 1992; Baum and Haveman, 1997; Baum and Ingram, 1998). Thus, these negative 
implications of knowledge spillovers must be considered in the analysis.  
Existing studies in T&H with the topic of knowledge spillovers and clusters are qualitative in 
nature and are mostly based on networks and are destination based. Hall (2005) explored wine 
and food tourism cluster in rural tourism development in New Zealand, and regard knowledge 
as a dimension of networks, in which can have positive effects on tourism via knowledge 
sharing within inter-sectoral networks between firms. Similar, Saxena (2005) and Novelli, 
Schmitz and Spencer (2006) examined partnership building and cross-sector networks in the 
UK, which can create learning regions and localised knowledge, creating activities, 
information exchange and innovation processes (Maskell and Malmberg, 1999). However, 
these networks and clusters are not simple and do not develop immediately, rather they are 
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complex systems involving various stakeholder collaborations (Novelli, Schmitz and Spencer, 
2006). For this reason, quantitative studies are minimal due to data limitations and the tacitness 
of knowledge; studies on how knowledge spillovers can affect firm and labour productivity are 
scarce.  
Nevertheless, productivity in T&H is dependent on the embedded and embodied knowledge of 
labour (Yang and Wong, 2012). Human capital accumulated via learning by observation and 
imitation within their workplace and then subsequent movement of labour across firms within 
a cluster can enact significant knowledge spillovers, which can positively influence labour 
productivity. Thus, the following research hypothesis is proposed: 
Hypothesis 3. The higher share of employees who have had a previous job in T&H in 
a spatial unit, the higher the labour productivity of T&H firms in a spatial unit.  
3.4 Spatial spillover effects 
Spatial spillover effects reflect pure externalities that are locally bound in nature. Capello 
(2009) has summarised three widely studied types of spatial spillovers: knowledge spillovers, 
industry spillovers and growth spillovers. Knowledge spillovers refer back to one of the 
elements of agglomeration economies, yet Capello argued that the effects of knowledge 
spillovers are only positive, which has been criticised by researchers as there may be negative 
effects (section 3.3.4). Industry spillovers refer to the spillover of performance from one firm 
to another firm, whether they are in the same sector or not. This type of spillover can be found 
in studies that examine the impact of multinational firms on national firms (Blomstrom and 
Kokko, 1998; Wooster and Diebel, 2010; Fu, Helmers and Zhang, 2012). Industry spillovers 
tend to relate to productivity and innovation enhancement based on the growth pole theory 
(Capello, 2009). The increase in technological and managerial skilled labour (labour market 
pooling), technological advances and good managerial practices can spillover from one firm to 
another, enhancing their productivity. However, negative spillover effects can occur due to 
market competition (McCann and Folta, 2009). The most general concept of spillovers is 
growth spillovers, which refers to how one local economy (usually regional) influences the 
growth of the neighbouring local economies. These regional growth spillovers can also exert 
positive and negative effects with distance-decay effects. Such spillovers are diffused via the 
mobility of production factors (e.g. labour) and trade and demand linkages.  
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In this current research, focussing on labour productivity, the effect of knowledge spillovers 
on the labour productivity of T&H firms within a cluster (industry spillovers) will be examined 
(section 3.3.4), but also the regional spillover effects of agglomeration economies (both labour 
market pooling and knowledge spillovers) and labour productivity from one spatial unit to the 
neighbouring spatial units (growth spillovers). Such spatial spillover effects of agglomeration 
economies and labour productivity across neighbouring regions can be estimated through 
spatial econometrics techniques (refer to Chapter 5) (Capello, 2009; Yang and Wong, 2012), 
and the significant impact of such neighbourhood effects can also contribute to regional 
(productivity) growth. These will be elaborated in the following sub-sections, mainly focussing 
on the context of T&H. 
3.4.1 Productivity spillovers 
Productivity spillovers can be seen at a macro- (between regions) and micro- (between firms 
or industries) level. Spillovers effects of productivity across regions can lead to regional growth 
effects. This originates from regional studies on uneven economic growth and regional 
productivity differences (McGuinness and Sheehan, 1998; Ertur, Le Gallo and Baumont, 2006; 
Basile, 2008; Martin et al., 2017). In the context of the current study, the regional disparities 
of productivity across the UK, and specifically in the T&H industry, suggest spatial inequalities, 
in which productivity spillover effects can stimulate productivity convergence between the 
regions. However, past studies have argued the conflicting roles of convergence and 
agglomeration (localised industry specialisation) as convergence effects may results in 
diminishing returns in a cluster and lead to divergence instead (Delgado, Porter and Stern, 
2014). For example, if the cost of specialised inputs, e.g. labour, is increasing in a number of 
local firms, there may be diminishing returns owing to crowding costs (Duranton, 2007) or 
congestion costs, such as a rise in traffic and transportation costs within the regions as the 
density of agglomeration increases (McCann and Folta, 2008). However, Delgado, Porter and 
Stern (2014) found the complementary role of clusters in shaping economic growth co-exists 
with the convergence between economic units that are industry specialised. This potentially 
suggests that the productivity effects from agglomeration economies can complement growth 
across regions via spillover effects. The current research will not specifically capture 
convergence due to insufficient data and technical inflexibility (refer to section 5.6.1), but 
suggest that significant productivity spillovers across local regions may imply the potential of 
productivity growth across regions. 
76 
Productivity spillovers have been applied in studies focussing on the effects from large 
multinational firms on local firms or regions (e.g. Girma, 2005; Fingleton and López-Bazo, 
2006; Hale and Long, 2011). Yet, this is also relevant to T&H firms and regions. Despite the 
T&H industry being comprised of SMEs, there are firms and regions that are relatively better 
performing than others; the productivity gap between them would result in spillover effects 
(Yang and Wong, 2012). Regions that have similarities in terms of tourist attractions tend to 
attract a similar visitor market, which can generate competition effects between the regions. 
Under such pressure, T&H firms aim to increase their productivity to gain competitive 
advantage, which can significantly contribute towards productivity spillovers between 
neighbouring regions (ibid.). However, if competition becomes fierce, then this may cause 
adverse effects on the productivity of the neighbouring regions. In addition, T&H firms, such 
as hotels, travel agencies and even tourist attractions, tend to learn and/or imitate from other 
firms in highly productive regions (Hall and Williams, 2008) – this is called demonstration 
effects (Blomstrom and Kokko, 1998). This always associates with knowledge diffusion or 
spillover effects, and interregional demonstration effects can also induce productivity spillover 
effects across neighbouring regions. Another channel of productivity spillovers is labour 
mobility, which has been discussed in section 3.3.3 and 3.3.4. Section 3.4.2 will further discuss 
the spatial spillover effects of labour and human capital.  
The spatial spillover effects of productivity in T&H have not been studied. Most empirical 
studies which have focussed on the spillover effects from international firms to the local 
economy were in the manufacturing industry, and a few studies in the services industries have 
emerged (e.g. Kolstad and Villanger, 2008; Hale and Long, 2011 (hotels); Yang and Mao, 2015 
(hotels)). There are T&H studies of spillover effects of tourism flow and growth (e.g. Yang 
and Wong, 2012; Li et al., 2016). Yet to the best of the researcher’s knowledge, there is no 
study that has examined the spatial spillover effect of T&H labour productivity across 
neighbouring regions. Based on the theoretical arguments discussed above, the following 
hypothesis is proposed: 
Hypothesis 4. The labour productivity of T&H firms in a spatial unit is significantly 
associated with the labour productivity of T&H firms in the neighbouring spatial units. 
3.4.2 Agglomeration economies: labour market pooling and knowledge spillovers 
A number of studies have examined the contribution of agglomeration to regional productivity, 
considering the externalities across neighbouring regions (e.g. Fingleton, 1999; Viladecans-
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Marsal, 2004; van Oort, 2007; Ke, 2010). Regarding the spatial spillover effects of labour 
market pooling, previous studies have examined the spillover effects of human capital. Ramos, 
Suriñach and Artís (2010, p. 436) highlighted that “human capital in one region can also 
influence the neighbouring ones”. Human capital externalities (spillovers) have been identified 
by many authors, such as Rauch (1993) have associated with human capital externalities in 
agglomeration and wages. Rosenthal and Strange (2008) examined the effects of human capital 
spillover effects on wages and highlighted that agglomeration benefits are driven by such 
spillovers which enhances wages and ultimately productivity. López-Bazo, Vayá and Artís 
(2004) have applied spatial econometric modelling to examine the existence of production 
technology externalities across regional economies in Europe based on the investments in 
physical and human capital. The authors agreed that “urban agglomerations are fountains for 
new ideas and innovations”, suggesting that external effects spillover across geographical 
boundaries (López-Bazo, Vayá and Artís, 2004, p. 44). Moreover, Fingleton and López-Bazo 
(2006) took a similar approach, focussing more on the spatial spillover effects of human capital 
and found that there is significant spatial dependence between the regions, suggesting spatial 
spillover effects of human capital and knowledge diffusion, which can depend on productivity 
growth.  
In contrast, other studies have identified negative spillover effects of human capital. Olejnik 
(2008) found that human capital and the level of investment intensity in neighbouring regions 
have negative effects on the income level of the given region, i.e. negative spatial spillover 
effects. The research attempted to explain such phenomena by assuming that there is a finite 
number of workers available in the neighbouring regions and that an increase in labour in one 
region is caused by the migration of educated workforce between neighbouring regions. 
Adamson, Clark and Partridge (2004) examined the effect of urban scale on the net returns to 
education, which can affect the skilled workers in urban regions, and have found urban workers 
earn higher wages when in the urban centre, and it declines as you move to the edge of the 
urban region for the high skilled workers. This study does not explicitly explore spatial 
spillover effects, but such distance-decay effect can be observed. Furthermore, Fischer et al. 
(2009) investigated the effects of human capital on labour productivity difference among 
European regions using spatial regression modelling. Despite the positive effects of human 
capital on labour productivity within a region, its spatial spillover effects were negative, which 
makes the total effect of human capital on labour productivity negative. This may suggest that 
changing human capital levels across all regions have little or no total impact on average labour 
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productivity levels, and thus the relative regional advantages matter more (LeSage and Fischer, 
2008).  
Spatial spillover effects of knowledge are evident through past research, enhancing innovation 
and productivity (e.g. Bode, 2004; Fischer, Scherngell and Reismann, 2009; Ramos, Suriñach 
and Artís, 2010), but most of the studies do not reflect the service sector, especially T&H. 
Doring and Schnellenbach (2006) explored the spatial dimension of knowledge spillovers and 
have argued that knowledge spillovers can be significant between competing firms, but also 
cooperation between relatively local geographical proximity can also be important. Paci and 
Usai (1999) asserted that knowledge spillovers are not locally bounded but can freely move 
across borders, in which spatial proximity can help firms to process knowledge sharing and 
diffusion across borders, which suggests the importance of agglomeration economies and their 
effects across spatial boundaries (Coe and Helpman, 1995). Yet, the findings revealed that 
knowledge spillovers are locally bounded in nature due to the distance-decay effect, thus local 
systems are important to optimise the effect of spatial spillovers of knowledge (Capello, 2009). 
There are various channels of knowledge spillover, which the studies cited above examined 
knowledge spillovers via knowledge production activities (e.g. patent application or citation) 
or specialisation cluster (e.g. science-based clusters). Knowledge spillovers via the movement 
of labour have been discussed in section 3.3.4 and also in some of the studies (e.g. Rauch, 
1993; Fingleton and López-Bazo, 2006) mentioned at the start of the current section on the 
regional spillovers of human capital. These spillovers are more relevant in the T&H context. 
In the T&H industry, with relatively open labour markets and greater access to labour mobility, 
T&H workers are likely to move between local regions for better job opportunities and higher 
wages, which can also increase their productivity. Skilled labour from regions of higher-level 
productivity can carry knowledge and skills into new regions, which can enhance productivity 
in these regions (Yang and Wong, 2012). Weidenfeld, Williams and Butler (2010) also 
examined the overall process of knowledge transfer and innovation in two clusters of visitor 
attraction sites in Cornwall. That paper looked at the different sources and challenges of 
knowledge transfers, but the key argument delivered is that spatial proximity, product 
similarity, and market similarity are key to knowledge spillovers and innovation, implying the 
importance of spatial agglomeration of related firms. Moreover, innovation is found to be 
relatively easily imitated by neighbouring attractions, especially those with similar tourism 
products. These tend to be more easily realisable in cluster areas due to greater proximity and 
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transparency amongst the firms (Cowan, Soete and Tchervonnaya, 2002). However, little has 
been done to examine the effects of knowledge spillovers over local region on regional 
productivity growth in T&H. 
It is worth noting that knowledge can spillover locally and globally, which also influences the 
degree of impact on productivity. The distinction between intra- (within a cluster) and extra- 
(between clusters) cluster knowledge has been studied in the past. Bathelt, Malmberg and 
Maskell (2004) referred to the intra-cluster knowledge exchange as a ‘local buzz’ where 
learning takes place among firms within the same industry and place, and inter-cluster 
knowledge exchange to be delivered through ‘global pipelines’ where it is shared with selected 
agents external to the local milieu. Both local buzz and global pipelines are advantageous for 
firms engaged in innovation. A local buzz allows opportunities for a variety of spontaneous 
situations where firms can interact closely to tackle them, and global pipelines allow individual 
firms to establish knowledge-enhancing relations to firms external to the local milieu, and 
knowledge can spillover to other firms within the extra-cluster through a local buzz (Greunz, 
2003; Jacob and Groizard, 2007; LeSage and Pace, 2009). The authors proposed that firms will 
learn more if neighbouring firms in the cluster are outward-looking, but there is a condition of 
cognitive and institutional proximity (Boschma, 2005). Successful establishments of global 
pipelines require a common institutional context and knowledge base which enables joint 
learning and knowledge creation. 
External linkages can support regional growth, but too much extra-cluster knowledge can 
threaten the long-term existence of clusters. This is because the dominance of global pipelines 
will make local communication and the local buzz less important, reducing the reasons for 
firms to co-locate. Nevertheless, such neighbouring effects and extra-cluster knowledge 
(spillovers) are supported by other researchers (e.g. Feldman, 1999; Phelps, 2004; Doring and 
Schnellenbach, 2006; Broersma and Oosterhaven, 2009; Fischer, Scherngell and Reismann, 
2009). Additionally, positive human capital (knowledge) externalities mentioned previously 
further support regional spillover effects (Audretsch and Feldman, 2004; Møen, 2005; Ramos, 
Suriñach and Artís, 2010; Huang and Zhang, 2017). 
There are no T&H studies known to the researcher that examine the contribution of 
agglomeration economies to regional productivity, i.e. productivity spillover effects on 
neighbouring regions, and how this can potentially generate regional growth. Most of the 
studies discussed above either take into account all sectors within the chosen regions, or are 
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specified in non-service sectors, such as agriculture, manufacturing and construction. Novelli, 
Schmitz and Spencer (2006) used networks and clusters to examine their impact on regional 
growth, but this was a qualitative study and the spillover effects were not statistically tested. 
Yang (2012) looked at the impact of tourism agglomeration on tourism development, but it 
does not examine the effects of productivity. Yet, spatial spillover effects of agglomeration 
economies can enhance the labour productivity of firms, sectors and regions (Campos, 2012). 
Thus, the following hypotheses are proposed: 
Hypothesis 5a. The share of skilled T&H employees (defined by employees with NVQ 
level 1-5 or equivalent qualification(s)) in a spatial unit is significantly associated with 
the labour productivity of T&H firms in neighbouring spatial units. 
Hypothesis 5b. The share of T&H employees with jobs that require formal 
qualification(s) for entry (proxy for high-skilled jobs) in a spatial unit is significantly 
associated with the labour productivity of T&H firms in neighbouring spatial units. 
Hypothesis 6. The share of employees who have had a previous job in T&H in a spatial 
unit is significantly associated with the labour productivity of T&H firms in 
neighbouring spatial units. 
3.5 The conceptual model 
Following the literature discussion and proposed research hypotheses (H), the conceptual 
model of the current research is illustrated in Figure 3.2.  
Figure 3.2 The conceptual model 
 
 
 
 
 
Source: Author (2019) 
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3.6 Summary 
Spatial clustering is an economic geography concept where place and location are important 
for firms and industries. Traditional approaches in clustering focussed on its benefits, and later 
scholars introduced the theoretical development of agglomeration and clusters. Researchers 
from different disciplines proposed different terms and models to explain spatial clustering, for 
example: agglomeration economies (Marshall, 1920), industrial locational theory (Weber, 
1929), industrial districts (Pyke, Becattini and Sengenberger, 1990), cluster theory (Porter, 
1998a) and learning regions or innovation milieu (Asheim, 1996; Maskell and Malmberg, 
1999). However, there is no single universal cluster theory and definition. This has led to a 
variety of conceptual approaches to agglomeration research in the T&H scholarship. Amongst 
them, the most commonly cited and adapted theories are by Marshall and Porter, which this 
review has focussed on, considering their relevance to the T&H industry. 
Marshall’s agglomeration economies provides an economic rationale for why specialised 
industries and firms localise in a specific area (Marshall, 1920). The concept of external 
economies of scale is introduced to demonstrate the advantages generated external to the firms, 
but are beneficial for firms and suppliers in proximity (Gordon and McCann, 2000; Brosnan, 
Doyle and O’Connor, 2016). Marshall categorised agglomeration economies as the trinity of 
agglomeration – input-output linkages, labour market pooling and knowledge spillovers – 
which allows cluster firms to perform better physically and financially (Martin and Sunley, 
2003). This research will only observe the impact of labour market pooling and knowledge 
spillovers as the focus is on T&H labour and its productivity – input-output linkages is 
excluded. Significant labour market pooling and subsequent labour movement across cluster 
firms can also facilitate significant knowledge spillovers, which can further enhance the 
pooling and matching of labour. Working under co-opetition, firms and industries can benefit 
from each other, and further spatial spillover effects of labour productivity and agglomeration 
economies can be exerted to cover spatial inequalities. Consequently, this can enhance the 
productivity of labour in firms and industries (Amend and Herbst, 2009; Graham and Melo, 
2009; Andini et al., 2012; Campos, 2012; Melo and Graham, 2014). It is also important to 
acknowledge the negative externalities or costs of agglomeration such as spatial inequalities, 
high competition and price wars (McCann and Folta, 2008; Campos, 2012; Marco-Lajara, 
Claver-Cortés, et al., 2016a). However, this important phenomenon is scarcely recognised in 
the context of the service industry, especially the T&H industry despite it is evident to see the 
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spatial clustering of tourist attractions, hotels, restaurants and bars, etc. in a tourist destination 
(Michael, 2003). 
Based on the literature review of this chapter, there are two key research gaps that this research 
aims to address: 
• The first research gap is the lack of application of agglomeration economies and its 
impact on the labour productivity of T&H firms. The existing T&H literature on 
clustering acknowledge the significance of Marshall’s agglomeration economies, but 
there is little empirical research. Researchers have hypothesised that tourism clusters 
improve firms’ competitiveness and productivity (Santos Estêvão and Ferreira, 2009; 
Lazzeretti, Sedita and Caloffi, 2014), and the potential impacts and significance of 
agglomeration economies has been discussed in the existing theoretical literature. 
However, the nature and extent to which agglomeration economies influence the T&H 
productivity is largely assumed and the actual effects are uncertain (Baldwin and 
Martin, 2004; Capone, 2015).  
• The second research gap is the lack of evidence of spatial spillovers of the labour 
productivity of T&H firms and agglomeration economies on a spatial level. Theory 
suggests that productivity, human capital externalities and knowledge in a cluster 
region can spillover to neighbouring regions, potentially generating regional growth 
(e.g. van Oort, 2007; Ke, 2010; Ramos, Suriñach and Artís, 2010; Yang and Wong, 
2012). However, there is no concrete empirical study in the context of the T&H industry 
that reveals such spatial spillover effects. 
In response to these gaps, spatial clustering and agglomeration economies can be identified as 
a contribution to narrowing the labour productivity gap that the UK T&H industry faces. 
Supported by theory that T&H firms tend to co-locate and the importance of spatiality in T&H, 
the current research aims to investigate the impact of spatial clustering and agglomeration 
economies on the labour productivity of T&H firms in the UK.  
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Chapter 4 Methodology 
4.1 Introduction 
Having a clear and concrete research design is key to achieving quality research as the research 
design is a plan of what the researcher will do to answer the research question(s) or problem(s) 
(Saunders, Lewis and Thornhill, 2016). Therefore, researchers are encouraged to document it 
clearly and demonstrate a good understanding of the philosophy, approach and method of the 
research. This chapter is titled as methodology as it will explain the methodological framework 
of this research to achieve the research aim and objectives and test the research hypotheses. 
The key research philosophies and the underlying assumptions will be discussed, narrowing 
down to the philosophical position of the current research. Then the research approach will be 
explained, concluding with the selected approach and method this research has taken. The 
details of the methods of data analysis will be set out in Chapter 5. 
4.2 Research aim, objectives and hypotheses 
The aim of this research is as follows: 
To investigate the impact of spatial clustering of tourism and hospitality (T&H) firms 
on the labour productivity of T&H in the UK. 
To achieve this aim, this research has five objectives: 
1. To examine the impact of the degree of clustering of T&H firms on their labour 
productivity within a spatial unit. 
2. To analyse the impact of agglomeration economies – labour market pooling and 
knowledge spillovers – on the labour productivity of T&H firms within a spatial unit. 
3. To estimate the spatial spillover effects of labour productivity of T&H firms on the 
neighbouring spatial units. 
4. To estimate the spatial spillover effects of agglomeration economies on the labour 
productivity of T&H firms in the neighbouring spatial units. 
5. To examine the spatial variations and patterns of the labour productivity of T&H firms, 
and their relationship with agglomeration economies. 
Based on the literature reviewed in Chapter 3, the following hypotheses will be tested to 
achieve research objectives 1-4:  
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Hypothesis 1. The higher the degree of clustering of T&H firms in a spatial unit, the higher 
the labour productivity of T&H firms in a spatial unit. 
Hypothesis 2a. The higher share of skilled T&H employees (defined by employees with NVQ 
level 1-5 or equivalent qualification(s)) in a spatial unit, the higher the labour productivity of 
T&H firms in a spatial unit. 
Hypothesis 2b. The higher share of T&H employees with jobs that require formal 
qualification(s) for entry (proxy for high-skilled jobs) in a spatial unit, the higher the labour 
productivity of T&H firms in a spatial unit. 
Hypothesis 3. The higher share of employees who have had a previous job in T&H in a spatial 
unit, the higher the labour productivity of T&H firms in a spatial unit.  
Hypothesis 4. The labour productivity of T&H firms in a spatial unit is significantly associated 
with the labour productivity of T&H firms in the neighbouring spatial units. 
Hypothesis 5a. The share of skilled T&H employees (defined by employees with NVQ level 
1-5 or equivalent qualification(s)) in a spatial unit is significantly associated with the labour 
productivity of T&H firms in neighbouring spatial units. 
Hypothesis 5b. The share of T&H employees with jobs that require formal qualification(s) for 
entry (proxy for high-skilled jobs) in a spatial unit is significantly associated with the labour 
productivity of T&H firms in neighbouring spatial units. 
Hypothesis 6. The share of employees who have had a previous job in T&H in a spatial unit 
is significantly associated with the labour productivity of T&H firms in neighbouring spatial 
units. 
To achieve the first research objective, hypothesis 1 will be tested, and for the second objective, 
hypotheses 2a, 2b and 3 will be tested; these hypotheses deal with the direct effects of spatial 
clustering and agglomeration economies on the labour productivity of T&H firms within the 
spatial unit analysed. To achieve the third objective, hypothesis 4 will be tested, and for the 
fourth objective, hypotheses 5a, 5b and 6 will be tested; these hypotheses relate to spatial 
spillover effects of labour productivity and agglomeration economies in the neighbouring 
spatial units. Research objective 5 is achieved using the local model estimation, which 
examines the spatial variation in the relationship between T&H labour productivity and 
agglomeration economies at the local level (section 7.6). 
4.3 Research philosophy 
Research philosophy refers to a set of beliefs and assumptions about the development of 
knowledge (Creswell, 2014; Saunders, Lewis and Thornhill, 2016). Understanding 
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philosophical issues in research is important as it helps to clarify the research design and 
identify effective and appropriate research methods to achieving the research aims and 
objectives (Easterby-Smith, Thorpe and Jackson, 2012). Failure to consider the philosophical 
paradigms in research can affect the quality of the research. The philosophical foundation of 
the research is like its spine as it links all aspects of the study from the beginning when 
determining the research rationale and formulating the aims and objectives to the process of 
data collection and analysis and the final dissemination of the research (Gill, Johnson and 
Clark, 2010; Bryman and Bell, 2011). Henceforth, it is crucial for the researcher to understand 
and acknowledge his/her philosophical position in research. 
There are three types of research assumptions to distinguish the different research philosophies 
that researchers position themselves to reflect their knowledge development: ontology refers 
to the assumptions on the nature of reality and existence; epistemology refers to the 
assumptions on knowledge; and axiology refers to the role of values and ethics within the 
process of research (Bryman and Bell, 2011; Easterby-Smith, Thorpe and Jackson, 2012; 
Creswell, 2014). Such assumptions formulate research philosophies as illustrated in Figure 4.1.  
Figure 4.1 Types of philosophical assumptions 
 
Source: Author (2019) 
 
RESEARCH 
PHILOSOPHIES
Positivism, 
Interpretivism, 
Pragmatism
ONTOLOGY
What is the nature of 
reality? What is the world 
like?
EPISTEMOLOGY
What constitutes as 
acceptable, valid and 
legitimate knowledge?
AXIOLOGY
What is the role of values 
in research?
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Any research method articulates philosophical commitments, and any methodological choices 
entail the researcher to take position upon the philosophical questions in Figure 4.1 (Gill, 
Johnson and Clark, 2010). Responding to the questions will allow the researchers to position 
themselves in the philosophical continuum (Figure 4.2) and to assess which philosophical lens 
aligns most closely to their own view of reality, knowledge and values which impacts on 
knowledge development and the design, quality and rigour of the overall research (Mason, 
2014). The three key research philosophies will be explored in the following sub-section. 
4.3.1 Key research philosophies 
A number of research philosophies exist in academic research, and the underlying assumptions 
of ontology, epistemology and axiology determine the researcher’s appropriate philosophical 
position (Bryman and Bell, 2011; Brotherton, 2015). Additionally, the research aim and the 
method to achieve such aim is also considered a key determinant of the researcher’s 
philosophical position. Research philosophies in academic research can be seen as a continuum 
between two opposing extremes, from objectivism to subjectivism. Objectivism argues that the 
social reality that is researched is external to the social actors (i.e. people), and subjectivism 
argues that social reality is constructed from the perceptions and actions of the social actors 
(Veal, 2011). The three key research philosophies are illustrated in Figure 4.2 as a continuum 
between objectivism and subjectivism, also considering the ontology, epistemology and 
axiology of each philosophy, respectively. 
Positivism takes a philosophical stance of a natural scientist and requires an observable social 
reality to work on to produce a universal generalisation (Veal, 2011). Positivist researchers 
assume that the social reality exists externally and are determined by objective and external 
factors. They also assist that knowledge is only of significance if it is based on observations of 
this external reality, and that it should be measurable in an objective manner (Easterby-Smith, 
Thorpe and Jackson, 2012). Moreover, the researcher is independent from what is being 
observed and researched, i.e. value-free. Positivist researchers take a deductive and quantitative 
approach in research, and may use existing theories to develop and test hypotheses to identify 
causation and fundamental laws that explain human social behaviour (Veal, 2011; Brotherton, 
2015). However, Mason (2014) noted that, unlike natural sciences, results from social science 
research are criticised as they cannot be entirely objective, replicable and generalisable. 
Additionally, the positivist paradigm is inflexible and is not very effective in understanding the 
processes and actions of the social actors (Easterby-Smith, Thorpe and Jackson, 2012). This 
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Figure 4.2 Philosophical continuum  
Source: Author (2019) 
questions how positivist research can explain human social behaviour through statistical testing 
and analysis. Consequently, there are cases where other methods of data collection are used, 
seeking to quantify qualitative data collected using interviews, for example (Saunders, Lewis 
and Thornhill, 2016). Yet, positivist research is able to provide a wide coverage of the range 
of situations, and is relatively fast and economical compared to interpretivist research 
(Easterby-Smith, Thorpe and Jackson, 2012; Neuman, 2014). 
In contrast to positivism, interpretivism demonstrates the opposite extreme. Interpretivist 
researchers emphasise that humans are different from natural and physical phenomena as they 
create meaning (Creswell, 2014). They assume that reality is internal and subjective and is 
socially constructed. Knowledge is constructed through sensation, reflection and intuition of 
humans who place multiple meanings on their actions and experiences (Easterby-Smith, 
Thorpe and Jackson, 2012). Compared to the value-free research of positivists, interpretivists 
conduct value-bound research, where the researchers take part in the research and their values 
contribute to the results (Saunders, Lewis and Thornhill, 2016). Interpretivism strives to 
understand people’s meanings in-depth and contribute to theory development (Creswell, 2014). 
However, it is debatable that multiple meanings, narratives and perceptions discover 
generalisable knowledge and theory, and considering the subjectivity of the research, this 
suggests that interpretation may change according to context. This proposes issues on the 
• Organisations are real in the same way as natural phenomena 
are real
• Knowledge is discovered through obseravable and measureable 
data and causality
• Value-free research; researcher is independent from what is 
researched
POSITIVISM (objectivism)
• Organisations are real as practical consequences of ideas and 
experience
• True knowledge are those that enable successful action to solve 
the research problem
• Value-driven research; researcher's values drive the defintion 
of the research problem
PRAGAMATISM
• Organisations are socially constructed through multiple 
subjective meanings and realities
• Knowledge is new understanding created through new 
perceptions and interpretations of the social world
• Value-bound research; researcher is part of what is researched
INTERPRETIVISM 
(subjectivism)
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validity of the research, especially when replicating the research in a different setting (Guba 
and Lincoln, 1994). 
Lastly, there is pragmatism which bridges between positivism and interpretivism. This 
paradigm asserts that truthfulness would be ultimately available or testable only through 
practice (Gill, Johnson and Clark, 2010). At the core of pragmatism is the practicality of the 
research; the key aim of the research is to find practical outcomes and conclusions, and the 
main determinant of the research design is the research problem driven by the researcher’s 
values (Creswell, 2014). Thus, the research begins with the problem and aims to find practical 
solutions that can contribute to knowledge and theory (Saunders, Lewis and Thornhill, 2016). 
Pragmatists hold a pluralistic perspective rather than a pure and one-sided perspective like 
positivists and interpretivists, and such perspective identifies acceptable knowledge through 
either objective and/or subjective insights, depending on the research question(s). This suggests 
that methodological choices are rather varied and indecisive or mixed (Brotherton, 2015), 
which will be discussed in section 4.4. 
4.3.2 Philosophical position of the current research 
This research approaches the study from a positivist philosophical position. This is because 
the ontological view is that reality exists externally and is objective to the researcher. In terms 
of organisations, they are real in the same way as physical objects and natural phenomena are 
real, which in the case of this research are T&H firms. Knowledge is developed through 
observable and measurable data that can be tested based on existing theory. For this research, 
theoretical explanations of the productivity problem have been stated in Chapter 2 and the 
potential conceptual approach in Chapter 3. Based on these theories, this research aims to 
statistically test how the concept of spatial clustering and agglomeration economies can show 
evidence that it can tackle the low labour productivity of the T&H industry based on six 
research hypotheses. Therefore, considering the external nature of reality and the factual and 
numerical nature of knowledge, it is natural for the researcher’s values to be free and 
independent of what is being observed and studied. When collecting and analysing the data, 
the process will be deductive, which will be explained in further detail in the following section, 
and quantitative methods of analysis will be conducted using large samples of data. 
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4.4 Research approach and method 
Choosing the most appropriate research approach and the following methodological choice is 
also important in designing and conducting research (Saunders, Lewis and Thornhill, 2016). 
Easterby-Smith, Thorpe and Jackson (2012) stated that the relationship between theory and 
data is in practice interactive rather than static, and it has long been a focus in the philosophical 
debate. This is because such relationship underlies the objectivism and subjectivism divide, 
which follows distinctive research approaches. There are three main approaches to research: 
deduction, induction and abduction.  
The deductive approach starts with theory, developed from existing literature and studies, and 
then the researcher designs the strategy and method to test the theory (Figure 4.3) (Neuman, 
2014). The logic behind this is that when the theory is true, then the conclusion must be true, 
and through testing the theory, either the theory is validated or falsified (Saunders, Lewis and 
Thornhill, 2016). Given that deduction starts from the general theory and logical reasoning, the 
subsequent results from testing lead to specific conclusions and contributions (Veal, 2011). 
Linking this to the research philosophies, a deductive approach aligns with the positivist 
paradigm and typically quantitative methods are implied to achieve the research aim (Creswell, 
2014). 
Figure 4.3 Comparison between deductive and inductive approach 
Source: Author (2019) 
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Pattern
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On the other hand, an inductive approach starts with data collection to explore meaning and 
phenomena, which then leads to generating theory (Neuman, 2014) – see Figure 4.3. Induction 
follows the logic of data first and the explanation later (Veal, 2011), which often links to 
interpretivism where the focus is obtaining a deeper understanding of people’s meaning and 
contributing to theory development. This entails qualitative methods in data collection and 
analysis, which involves a lot of time and resources to complete the research (Creswell, 2014). 
However, there are inductive quantitative methodological approaches which are used to 
generate ideas about underlying concepts and theories (Creswell, 2014). 
In the middle, there is the abductive approach where the logic is that known theory is used to 
generate testable conclusions, which either modifies existing theory or generates new theory, 
and the methodological choice is determined by what the best way of achieving a practical 
solution to the research problem is (Saunders, Lewis and Thornhill, 2016). The researcher starts 
off with collecting data and identifies themes and patterns to generate new or modify existing 
theories. Then it is (statistically) tested through additional data collection (Gill, Johnson and 
Clark, 2010). Thus, either quantitative or qualitative, or mixed method approaches are adopted 
to pragmatically answer the research problem. An abductive approach is taken by a pragmatist, 
where the central focus is on practicality (Saunders, Lewis and Thornhill, 2016). 
4.4.1 Selected approach and method of the current research 
Within the broad philosophical position of positivism, this research will take a deductive 
approach in conducting the research. Given the positivist philosophical positioning, starting 
with theory (productivity and spatial clustering), the subsequent research hypotheses (section 
4.2) are developed and tested to either validate or falsify the theoretical propositions. This will 
involve quantitative methods of data collection and analysis, primarily seeking to examine the 
impact of spatial clustering and agglomeration economies on the labour productivity of T&H 
firms in statistical terms. Considering the highly theory-driven research design, a deductive 
approach is appropriate for this research; this is illustrated in Figure 4.4.  
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Figure 4.4 Deductive approach of the current research 
Source: Author (2019)  
4.5 Summary 
An examination of the key research philosophies and approaches have allowed this research to 
position itself in the right and appropriate philosophical position. Amongst the three key 
philosophies and aligned approaches, this chapter identifies that the researcher is a positivist, 
taking a deductive approach with quantitative methods to address the research aim and 
objectives. The following chapter will set out the details of the quantitative methods and data 
analysis employed in this research. 
 
  
Theory: labour productivity, 
spatial clustering, 
agglomeration economies
Hypothesis 1-6
Testing: spatial econometrics
Confirmation: subsequent findings 
show impact of spatial clustering 
and agglomeration economies on the 
labour productivity of T&H firms
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Chapter 5 Methods 
5.1 Introduction 
In contrast to the previous methodology chapter, this chapter will discuss the methods of data 
analysis used to fulfil research aim, objectives and hypotheses. In the first section, a variety of 
exploratory spatial data analysis (ESDA) techniques will be introduced, which illustrates the 
spatial distributions of labour productivity and identifies the existence of spatial autocorrelation 
and spatial heterogeneity. Then the chapter will continue to introduce spatial econometrics and 
specify the spatial panel models (time period: from 2006 to 2016) that this research employs 
to analyse the spatial spillover effects, one of the key interests of this research. Additionally, 
this chapter will involve the review of different measurements that existing literature used to 
formulate the relevant variables and their research hypotheses. There is a range of hypotheses 
and measurements that have been employed by different researchers as new research aims to 
overcome previous methodological or measurement issues and contribute to new theoretical 
and empirical knowledge to the scholarship (Punch, 2014). A critical reading of this literature 
identifies a number of issues and weaknesses that provides scope for further research. Then the 
chapter will outline the data descriptions from the data access to processing in the context of 
the current research. 
5.2 Exploratory spatial data analysis (ESDA) 
ESDA techniques are used to explore and analyse spatial data. This is a set of geographical 
information system (GIS) spatial statistical techniques that describes and visualises the spatial 
distribution of a variable, identifying spatial patterns and regions and any outliers or 
discontinuities within the data that may disrupt any further modelling (Anselin, 1998). One of 
the issues with traditional econometrics and exploratory data analysis is that they ignore the 
spatial interactions within the data (LeSage, 1999). Data with spatial components will have 
spatial patterns in the data and relevant research hypotheses should be based on the spatiality 
of the data (Haining, Wise and Ma, 2000). Therefore, ESDA and spatial econometrics (section 
5.3) provide effective means of analysis as they take into account spatial matters. Additionally, 
considering the research aim and objectives, such methods are suitable for the research context 
and scope.  
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5.2.1 Spatial interactions 
There are two key spatial interactions to consider in spatial data: spatial dependence and spatial 
heterogeneity (Anselin, 2010).  
5.2.1.1 Spatial dependence 
Spatial dependence refers to when observations at a certain location depend on other 
observations at another location. Tobler’s first law of geography argues that spatial dependence 
is at the core of spatial analysis (Miller, 2004). This may be because of the spatial component 
or unit of the data itself, for example, postcodes, counties and districts, or due to the spatial 
dimension of socio-economic or regional activities (LeSage, 1999). For example, 
administrative boundaries may not accurately reflect the nature of the underlying economic 
activities, or local labour or economic markets may override some spatial boundaries, causing 
spatial dependence (ibid.). It is a concept of closeness, implying that distance matters. 
Theoretically, it is argued that spatial dependence is stronger the greater the proximity between 
the observations, whereas it weakens with increasing distance between them – this is called 
distance decay (Kelejian and Piras, 2017). Spatial dependence is simultaneously used with 
spatial autocorrelation, which this research will apply, and it requires further specification 
(following sub-sections).  
There are two forms of spatial dependence (Anselin and Rey, 2010). First, spatial dependence 
in the error term. This is a special form of non-spherical disturbance, which does not generate 
biased ordinary least square (OLS) estimates but alters their variance or efficiency. It is usually 
considered as a nuance which needs to be eliminated. Second, spatial dependence in the 
variable of interest. This is accounted for by including a spatial autoregressive term, i.e. a 
weighted sum of values of a variable at other locations; this is called a spatial lag operator or 
spatially lagged variable, which can be included for the dependent variable, explanatory 
variables and error term – further in section 5.3. Under the circumstance of spatial dependence, 
OLS is no longer a consistent estimator as it violates the standard assumptions of independence 
in a traditional regression analysis (Anselin and Griffith, 1988). Thus, alternative methods of 
analysis are required – i.e. ESDA and spatial econometrics. 
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5.2.1.2 Spatial weights matrix 
To explore the spatial interactions of data, it is necessary to quantify the spatial aspects of the 
data. Spatial dependence is usually accounted by a ‘spatial weights matrix’, W (LeSage, 1999). 
This is a square matrix that defines the neighbourhood for each spatial unit; it specifies which 
of the other locations affect the value at the current or focal location. The spatial weights matrix 
describes the closeness between two spatial units in terms of a contiguity or distance measure 
(Getis and Aldstadt, 2004). Spatial units that are considered as neighbours will interact in a 
meaningful way. This could be in the form of externalities, spillovers, proximity issues, 
imitation policies, similarity of market or sharing of resources, etc. (Kelejian and Piras, 2017). 
Usually, the W is specified to be row-standardised (or row-normalised) to sum unity, which 
means taking the weighted average and that a spatial unit is not viewed as its own neighbour. 
There are two main types of spatial weights matrices: contiguity-based and distance-based 
(Getis and Aldstadt, 2004). Contiguity matrices are specified by the relative position in space 
of one spatial unit of observations to another unit. It is a binary matrix composed of the values 
0 and 1 that captures the notion of connectiveness between the spatial units. There are different 
ways of defining contiguity relationships between spatial units (LeSage, 1999) – see Figure 
5.1:  
• Rook contiguity is when a spatial unit shares a common side with other spatial units; 
• Bishop contiguity is when a spatial unit shares a common vertex with other spatial units; 
and, 
• Queen contiguity is when a spatial unit shares a common side or edge with other spatial 
units. 
Figure 5.1 Contiguity-based spatial weights matrices 
Source: Author (2019) 
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These are first-order contiguity matrices, but when they are double-rook, -bishop and -queen, 
it refers to second-order contiguity matrices, which includes the neighbours of the neighbour. 
Contiguity-based matrices are useful when dealing with regular square grids, where the spatial 
structure can be easily summarised in mathematical terms. However, when spatial units vary 
in shape, the irregular shapes can lack in precision; the simplicity of such weights matrices can 
be limited (LeSage, 1999; Getis and Aldstadt, 2004). Yet, this research will use the contiguity-
based spatial weights matrix (see section 6.3). 
Alternatively, there are distance-based matrices. These define neighbours based on distance, 
which is usually computed as the distance between the centroids of spatial units (LeSage, 
1999). Examples include: 
• Distance bandwidths as the nth nearest neighbour distance – two spatial units are 
neighbours when a spatial unit falls within a critical distance band from another; 
• Euclidean distance, Great Circle distance, etc. – different measures of distance; 
• Inverse distance (distance decay) – the inverse of the distance matrix, which implies 
that the further the distance, the weaker the impact between two spatial units; and, 
• K-nearest neighbours (can be based on inverse distance) – neighbours are defined by a 
fixed number of neighbours, k. 
Distance-based matrices are more flexible in defining neighbours compared to contiguity-
based matrices. In the context of T&H, distance-based matrices are more relevant as the data 
tends to be in points as we are concerned in T&H firms, attractions or points of interest in 
research (e.g. Yang and Wong, 2012; Eugenio-Martin, Cazorla-Artiles and Gonzalez-Martel, 
2019). However, in this research, spatial aggregation is necessary due to the statistical 
disclosure control and thus each point is aggregated by polygons (or shapes), i.e. spatial units 
(refer to section 5.6.1) – this could favour the use of contiguity-based matrices. Despite 
distance-based matrices are more flexible, they do suffer from limitations such as determining 
the type of distance (e.g. Euclidean or Great Circle distance) to be used can be arbitrary. 
Moreover, distance does not necessarily have to be defined as a physical distance between 
points or nodes; there are also economic distance between regions such as technological 
proximity or absorptive capacity differences (e.g. Parent and LeSage, 2008; Harris and 
Kravtsova, 2009). This research will use distance-based matrices to check for the robustness 
of the choice of spatial weights matrix (see section 6.3). 
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Once the spatial weights matrix is specified, the spatial lag operator can be defined. This takes 
into account of the spatial dependence via the spatial weights matrix to a chosen observation 
and produces a spatially weighted average of the neighbouring observations, which can also 
show the spatial dependence of the chosen observation between spatial units. These are referred 
to as spatial spillovers (Harris and Kravtsova, 2009). It is important to acknowledge the 
sensitivity of the spatial weights matrix on spatial model estimations and inferences (Arbia and 
Fingleton, 2008). Harris and Kravtsova (2009) have argued that an incorrect specification of 
the spatial weights matrix can lead to incorrect conclusions and inferences in spatial modelling. 
However, LeSage and Pace (2014) have addressed the myth in spatial econometrics that there 
is little theoretical basis for the argument regarding the sensitivity of spatial estimations to the 
specification of the spatial weights matrix. The authors argued that past studies have created 
this myth due to incorrect interpretations of model coefficients and mis-specified models, 
which was explained by the choice of spatial weights matrix. Yet, the authors have empirically 
found that if the estimates and inferences are based on the true partial derivatives of the model, 
then the myth can be rejected. Regarding the interpretation and the true partial derivatives, 
section 5.5.1 will discuss further in the context of the model specification of this research. 
Above all, it is important for researchers to be aware of this matter when examining and 
interpreting spatial models.  
5.2.1.3 Spatial heterogeneity 
Spatial heterogeneity refers to the variation in relationships over space, thus exploring the 
spatial structure (Anselin, 2003). This implies that for every observation or relationship 
between observations in space may be different from each other, for example, unstable 
economic variables across space and the co-existence of diverse spatial patterns (LeSage, 
1999). Spatial positions can be quantified and there are different ways to model variation over 
space – e.g. spatial heteroscedasticity (non-constant error variances) and model coefficients. 
Statistics such as the local indicators of spatial association or the G statistics can be used to test 
for spatial heterogeneity (Getis and Ord, 1992; Anselin, 1995). A locally weighted regression, 
such as geographically weighted regression models, can also be used, which will produce 
estimates for every point in space based on a local level. In this research, a local model (section 
5.5.2) will be estimated to observe the spatial relationship between spatial clustering and 
agglomeration economies and T&H labour productivity and its variation across space. It is 
important to acknowledge the existence of the inverse problem of separate spatial heterogeneity 
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from spatial dependence (Anselin, 2010). The cross-sectional dimension of spatial data allows 
the identification of spatial patterns and clusters but does not provide sufficient information to 
explain the underlying process that causes such patterns. In practice, there is further complexity 
as each form of misspecification may suggest the other form in diagnostic tests; for instance, 
tests against heteroscedasticity goes against spatial autocorrelation and vice a versa (Anselin 
and Griffith, 1988). 
To detect these spatial interactions, ESDA is conducted and this provides measures of both 
global and local spatial autocorrelation, which are essential to establish spatial patterns and 
inequalities. 
5.2.2 Global spatial autocorrelation 
As mentioned before, further specifications are required for spatial dependence, and that is to 
test for spatial autocorrelation. Spatial autocorrelation refers to the correlation of a variable 
with itself across space. This means that units that are close to each other are more likely to be 
similar than those that are far apart – positive spatial autocorrelation. When units are different 
from those units that are close to each other, then it refers to negative spatial autocorrelation. 
Global spatial autocorrelation is most commonly measured using Moran’s I statistics (Bivand 
and Wong, 2018). This is structured as a measure of covariance in the context of this research, 
focussing on labour productivity as the key variable: 
 𝐼𝑖𝑡 =  
𝑛
𝑆0
∑ ∑ 𝑤𝑖𝑗(𝑥𝑖𝑡 − ?̅?𝑡)(𝑥𝑗𝑡 − ?̅?𝑡)𝑗𝑖
∑ (𝑥𝑖𝑡 − ?̅?𝑡)2𝑖
 (1) 
where 𝑥𝑖𝑡 and 𝑥𝑗𝑡  are the labour productivity of spatial unit i and j, respectively, for time period 
t; ?̅?𝑡 is the mean value across n spatial units for time period t; 𝑤𝑖𝑗 is the spatial weights matrix; 
and 𝑆0 = ∑ ∑ 𝑤𝑖𝑗𝑗𝑖  is the scaling factor equal to the sum of all the elements of 𝑤𝑖𝑗. The statistic 
ranges between −1 and +1, where the value +1 refers to perfectly positive spatial 
autocorrelation, 0 indicating no autocorrelation and −1 as perfectly negative spatial 
autocorrelation.  
The Moran’s I statistic is tested under the null hypothesis that the variable is spatially 
independent with the statistic, I, close to zero. The variance of I is determined under two 
assumptions: normality (sampled under a normal distribution) or randomisation (sampled 
under an unknown distribution). The normality assumption is useful if the observations are 
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believed to follow a normal distribution, whereas the randomisation assumption is more 
flexible and in the case of this research, the theoretical distribution is unknown and so using 
the randomisation assumption is more appropriate in this research. Henceforth, the Moran’s I 
test under randomisation is conducted.  
Compared to other measures of spatial autocorrelation, such as Getis-Ord General G and 
Geary’s C, Moran’s I statistic is easier to interpret and is an essential input to spatial 
econometrics, which this research will employ. Additionally, it is important to acknowledge 
that ESDA results are very sensitive to the spatial weights matrix, i.e. the results will vary 
depending on how the neighbourhood set of your spatial unit is defined (Anselin and Rey, 
2010). There are issues on the choice of spatial weights matrices, and appropriate tests for 
specification and robustness are needed (refer to section 5.4). In the context of the UK, the 
presence of islands, such as the Isle of Wight and Isle of Anglesey, means the contiguity-based 
matrices are non-applicable. Yet, by excluding the islands, it can be adopted. Using different 
spatial weights matrices, the results of the Moran’s I test for global spatial autocorrelation will 
be checked for robustness. Nevertheless, a global estimation of spatial autocorrelation cannot 
detect the difference between individual regions, which therefore requires a test at a local level. 
5.2.3 Local spatial autocorrelation  
For estimations of local spatial autocorrelation, this research employs the local indicators of 
spatial association (LISA). LISA measures local spatial autocorrelation, and it tests and 
confirms the significance of it (Anselin, 1995). The LISA estimate for a spatial unit indicates 
significant spatial clustering of similar values around that observation. It not only identifies 
clusters of positive autocorrelation but also negative autocorrelation. There are two conditions 
for LISA: that each observation gives an indication of significant hot-spots (i.e. spatial clusters) 
with similar values around that observation, and the sum of the LISA for all observation is 
proportional to a global measure of spatial autocorrelation. This research will use the local 
Moran’s I statistics as an indicator of LISA, maintaining consistency to the global spatial 
autocorrelation test. The local Moran’s I statistic for each spatial unit i at year t is measured as 
follows: 
 𝐼𝑖𝑡 =  
(𝑥𝑖𝑡 − ?̅?𝑡)
∑ (𝑥𝑖𝑡 − ?̅?𝑡) 𝑖 /(𝑛 − 1)
∑ 𝑤𝑖𝑗(𝑥𝑗𝑡 − ?̅?𝑡) 
𝑗
 (2) 
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where 𝑥𝑖𝑡 and 𝑥𝑗𝑡  are the labour productivity of spatial unit i and j, respectively, for time period 
t; ?̅?𝑡 is the mean value across n spatial units for time period t, and 𝑤𝑖𝑗 is the spatial weights 
matrix. The statistic ranges between −1 and +1, where the value +1 refers to perfectly positive 
spatial autocorrelation, 0 indicating no autocorrelation and −1 as perfectly negative spatial 
autocorrelation. The local Moran’s I statistics are also tested under the null hypothesis of no 
local spatial association.  
There are various methods of interpreting the LISA statistics. Two methods will be used in this 
research: Moran’s I scatter plot and significance map. Firstly, local spatial association can be 
identified by generating the Moran’s I scatter plot (Anselin, 1995). This is a plot of the spatial 
lag of a variable against the normal variable, illustrating the type and strength of spatial 
autocorrelation. This shows the extent of linear association between the values in a given 
location (x-axis) with the values of the same variables in neighbouring locations, i.e. spatial 
lag of the variable (y-axis). The values of the variable are standardised in standard deviation 
units with a mean of zero and variance of one. The slope of the regression line is the global 
Moran’s I statistic.  
The scatter plot generates four quadrants (Figure 5.2) and each quadrant corresponds to the 
four types of local spatial association between a region and its neighbours:  
1. High-High (HH; top-right quadrant) means that a region with a high value is surrounded 
by neighbouring regions with high values; 
2. Low-High (LH; top-left quadrant) means that a region with a low value is surrounded 
by neighbouring regions with high values; 
3. Low-Low (LL; bottom-left quadrant) means that a region with a low value is 
surrounded by neighbouring regions with low values; and 
4. High-Low (HL; bottom-right quadrant) means that a region with a high value is 
surrounded by neighbouring regions with low values. 
The red line illustrates the global Moran’s I statistic, assuming it is positive. HH and LL implies 
positive spatial autocorrelation, where LH and HL are negative. This method helps to illustrate 
the spatial association between a region and its neighbouring region not only in numerical 
estimations, but also in a visual manner. However, the significance of the statistics is difficult 
to identify in a scatter plot. 
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Figure 5.2 Moran's I scatter plot  
 
Source: Author (2019) 
Local hot-spots of spatial clustering can provide a visual interpretation of LISA (Anselin, 
1995). To identify hot-spots, the significance map will be used. This presents spatial units with 
significant LISA statistics, which will also correspond with the quadrants in the Moran’s scatter 
plot. Additionally, all the local statistics will be plotted in a map to capture spatial patterns of 
labour productivity of the UK T&H industry. 
The current research will conduct ESDA both at the global and local level to explore the spatial 
data it will use and to confirm the existence of spatial dependence. However, the Moran’s I 
statistics only show evidence of the spatial autocorrelation of single variables. It does not reveal 
the spatial relationship between more than one variable. Therefore, advanced econometric 
modelling that can account for spatial autocorrelation is needed. 
5.3 Spatial econometrics: spatial panel model 
This research will use spatial econometrics because it can deal with spatial data, accounting for 
spatial autocorrelation but also spatial spillover effects in the modelling framework (Chhetri et 
al., 2017). A failure to account for spatial autocorrelation can produce bias and inefficient 
parameter estimates (Arbia, 2014). In the absence of spatial autocorrelation, the traditional 
OLS linear regression model can be used. However, when it is present, as the residuals are not 
independent from each other (one of the key assumptions of OLS), OLS regression is not 
Y
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Moran’s I
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acceptable (Tu, 2006). Previous studies using OLS regression analysis on spatial data tend to 
use instrumental variables to account for the problem of endogeneity and spatial 
autocorrelation (e.g. Mion and Naticchioni, 2009; Andersson and Loof, 2011), but spatial 
econometrics tends to be more powerful as it overcomes the limitations of the traditional linear 
regression models in their ability to analyse aggregated spatial data and account for spatial 
autocorrelation (Chhetri et al., 2017). 
This research will use spatial panel models. This is an extended model from the classical spatial 
models and panel models. Static spatial panel models have been extensively discussed in the 
extant literature (e.g. Lee and Yu, 2010; Elhorst, 2014a, 2014b), but there are also dynamic 
spatial panel models, which includes the time dimension in the form of a time lag. The main 
difference between the static and dynamic model is that the latter can analyse the dynamic 
spatial structure over time. The model specifications in section 5.5 will illustrate the models 
this research incorporates in more detail. 
The following sub-sections will introduce the basic spatial models and then the spatial panel 
models. 
5.3.1 Classical spatial models 
There are three classical spatial models (cross-sectional): spatial lag model, spatial error model 
and spatial Durbin model. 
5.3.1.1 Spatial lag model 
A spatial lag model, also known as the spatial autoregressive model, includes the spatial lag of 
the dependent variable: 
 𝑌𝑖 = 𝜌𝑖𝑊𝑌𝑖 + 𝑋𝑖𝛽 + 𝜀𝑖 (3) 
where 𝑌𝑖 denotes an N × 1 vector of the dependent variable for spatial unit i (i = 1, ..., n), 𝑋𝑖 is 
the N × k vectors of the k number of explanatory variables, 𝛽 represents the corresponding k × 
1 estimate parameters. 𝑊 is the row-standardised N × N spatial weights matrix, describing the 
spatial arrangement for the spatial units, 𝜌𝑖  is the spatial parameter (spatial autoregressive 
coefficient), and lastly, 𝜀𝑖 is a N × 1 vector of independently and identically distributed error 
terms with zero mean and variance. 
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The spatial lag model implies that the value of the dependent variable in one spatial unit is 
jointly determined with that of the neighbouring spatial unit(s). The spatial lag term must be 
treated as an endogenous variable due to the two-directionality of the neighbour relation in 
space. In consequence, it is called a spatial multiplier, which implies that the spatial distribution 
of 𝑌𝑖 in each spatial unit is determined not only by the explanatory variables and associated 
regression coefficient at each location, but also by those at the neighbouring locations, despite 
it being subject to distance decay (Anselin, 2003).  
5.3.1.2 Spatial error model 
The spatial error model includes the spatial lag of the error term: 
 𝑌𝑖 = 𝑋𝑖𝛽 + 𝜙𝑖 (4) 
 𝜙𝑖 = 𝜌𝑖𝑊𝜙𝑖 + 𝜀𝑖 (5) 
where 𝑌𝑖 denotes an N × 1 vector of the dependent variable for spatial unit i (i = 1, ..., n), 𝑋𝑖 is 
the N × k vectors of the k number of explanatory variables, 𝛽 represents the corresponding k × 
1 estimate parameters. 𝜙𝑖 reflects the spatially autocorrelated error term, where 𝜌𝑖 is the spatial 
parameter (spatial autocorrelation coefficient) and 𝑊 is the row-standardised N × N spatial 
weights matrix, describing the spatial arrangement for the spatial units. Lastly, 𝜀𝑖 is a N × 1 
vector of independently and identically distributed error terms with zero mean and variance.  
In contrast to the spatial lag model, this model does not require a theoretical model for a spatial 
interaction process but is a special case with a non-spherical error term, as mentioned in section 
5.2.1.1. The spatial error model does not provide any information about spillovers (Halleck 
Vega and Elhorst, 2015), which is a key limitation in the context of this research as the effects 
of spillovers constitute one of the key research objectives.  
5.3.1.3 Spatial Durbin model 
The spatial Durbin model includes the spatial lag of the dependent variable and the explanatory 
variables: 
 𝑌𝑖 = 𝜌𝑖𝑊𝑌𝑖 + 𝑋𝑖𝛽 + 𝑊𝑋𝑖𝜃𝑖 + 𝜀𝑖 (6) 
where 𝑌𝑖 denotes an N × 1 vector of the dependent variable for spatial unit i (i = 1, ..., n), 𝑋𝑖 is 
the N × k vectors of the k number of explanatory variables, 𝛽 represents the corresponding k × 
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1 estimate parameters. 𝑊 is the row-standardised N × N spatial weights matrix, describing the 
spatial arrangement for the spatial units, 𝜌𝑖 and 𝜃𝑖 are the spatial parameters, and lastly, 𝜀𝑖 is a 
N × 1 vector of independently and identically distributed error terms with zero mean and 
variance.  
LeSage and Pace (2009) have suggested that the spatial Durbin model is the only model that 
will estimate unbiased coefficients. One of the limitations of the previous two models is that 
spatial patterns in the data are only explained by the endogenous interaction effects or 
correlated error term (Elhorst, 2014a). Henceforth, extending the models, the spatial Durbin 
model can be used to account for the spatial interactions of the explanatory variables. There is 
also a spatial Durbin error model which is an extension of the spatial error model, including 
the spatial lag of the error term and explanatory variables (Elhorst, 2010). However, the cost 
of ignoring the spatial dependence in the dependent and/or explanatory variable(s) is relatively 
greater than ignoring the spatial dependence in the error term as the coefficient estimates will 
be biased and inconsistent, whereas the latter only causes an efficiency loss (Greene, 2005 cited 
in Elhorst, 2012). Thus, this research will adopt the spatial Durbin model. 
5.3.2 Spatial panel models 
In the previous sub-section, the three classical spatial models in a cross-sectional setting were 
introduced. This sub-section presents the general (static) spatial panel models, which include 
the time-dimension of the spatial data. In a spatial panel setting, the observations are associated 
with a specific position in space and time, and the structure of the spatial interactions between 
the spatial units is also represented by the spatial weights matrix.  
5.3.2.1 Spatial lag panel model 
The spatial lag panel model includes the spatial lag of the dependent variable: 
 𝑌𝑖𝑡 = 𝜌𝑖𝑡𝑊𝑌𝑖𝑡 + 𝑋𝑖𝑡𝛽 +  𝑢𝑖 + 𝜀𝑖𝑡 (7) 
where 𝑌𝑖𝑡 denotes an N × 1 vector of the dependent variable for spatial unit i (i = 1, ..., n) at 
time t (t = 1, ..., T), 𝑋𝑖𝑡 is the N × k vectors of the k number of explanatory variables, and 𝛽 
represents the corresponding k ×  1 estimate parameters. 𝑊 is the row-standardised N ×  N 
spatial weights matrix, describing the spatial arrangement for the spatial units, 𝜌𝑖𝑡 is the spatial 
parameter (spatial autoregressive coefficient), and lastly, 𝜀𝑖𝑡 is a N × 1 vector of independently 
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and identically distributed error terms with zero mean and variance, while 𝑢𝑖  denotes the 
spatial specific effects (or individual effects).  
The spatial lag panel model will be utilised in this research to examine and compare the 
difference with the spatial Durbin panel model (main model specification) in terms of the 
estimated parameters, but also its model diagnostics. It is also important to note that the 𝑊 is 
assumed to be time invariant (Elhorst, 2014b). This is because when both the parameter and 
weights vary over time, then there will be problems with identification and interpretation 
(Anselin, Le Gallo and Jayet, 2008). This is for all spatial panel models discussed in the current 
research. 
5.3.2.2 Spatial error panel model 
The spatial error panel model includes the spatial lag of the error term: 
 𝑌𝑖𝑡 = 𝑋𝑖𝑡𝛽 + 𝑢𝑖 + 𝜙𝑖𝑡 (8) 
 𝜙𝑖𝑡 = 𝜌𝑖𝑡𝑊𝜙𝑖𝑡 +  𝜀𝑖𝑡 (9) 
where 𝑌𝑖𝑡 denotes an N × 1 vector of the dependent variable for spatial unit i (i = 1, ..., n) at 
time t (t = 1, ..., T), 𝑋𝑖𝑡  is the N × k vectors of the k number of explanatory variables, 𝛽 
represents the corresponding k × 1 estimate parameters. 𝜙𝑖𝑡 reflects the spatially autocorrelated 
error term, where 𝜌𝑖𝑡 is the spatial parameter (spatial autocorrelation coefficient) and 𝑊 is the 
row-standardised N × N spatial weights matrix, describing the spatial arrangement for the 
spatial units. Lastly, 𝜀𝑖𝑡  is a N × 1 vector of independently and identically distributed error 
terms with zero mean and variance, while 𝑢𝑖 denotes the spatial specific effects. 
This research will not estimate this model because, as mentioned in section 5.3.1.2, this type 
of model does not provide information on spillover effects and it is more suitable for a small 
N and large T panel data setting (Anselin, Le Gallo and Jayet, 2008). In contrast, the panel data 
used in this research has a large N and smaller T (see section 5.5 and 5.6) and one of the core 
interests of this research is to estimate the spillover effects. 
5.3.2.3 Spatial Durbin panel model 
The spatial Durbin panel model includes the spatial lag of the dependent variable and the 
explanatory variables: 
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 𝑌𝑖𝑡 = 𝜌𝑖𝑡𝑊𝑌𝑖𝑡 + 𝑋𝑖𝑡𝛽 + 𝑊𝑋𝑖𝑡𝜃𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡 (10) 
where 𝑌𝑖𝑡 denotes an N × 1 vector of the dependent variable for spatial unit i (i = 1, ..., n) at 
time t (t = 1, ..., T), 𝑋𝑖𝑡  is the N × k vectors of the k number of explanatory variables, 𝛽 
represents the corresponding k × 1 estimate parameters. 𝑊  is the row-standardised N × N 
spatial weights matrix, describing the spatial arrangement for the spatial units, 𝜌𝑖𝑡 and 𝜃𝑖𝑡 are 
the spatial parameters, and lastly, 𝜀𝑖𝑡  is a N ×  1 vector of independently and identically 
distributed error terms with zero mean and variance, while 𝑢𝑖  denotes the spatial specific 
effects. 
Given the research aim and objectives, this research will employ the spatial Durbin panel 
model, which allows estimation of the spatial spillover effects of both labour productivity of 
T&H (dependent variable) and agglomeration economies (explanatory variables). The model 
specification is presented in section 5.5.1 – this includes both the static and dynamic version 
of the spatial Durbin panel model. 
5.3.3 Model estimation 
There are two main approaches to estimate models with spatial interaction effects: maximum 
likelihood (ML) estimation and generalised methods of moments (GMM) estimation. ML 
estimators violate the assumption of normality of the errors, whereas GMM does not, but both 
estimators assume that the error term, 𝜀𝑖𝑡 , is independently and identically distributed with 
zero mean and variance (Millo and Piras, 2012). The existing literature favours ML over GMM 
as the GMM estimator is considered to be less accurate and asymptotically less efficient than 
ML (Das, Kelejian and Prucha, 2003; Elhorst, 2005). Additionally, parameter estimates using 
GMM estimation are unrestricted, meaning that they can be outside its parameter space based 
on the spatial weights matrix (Elhorst, 2014a). Thus, this research will use the ML estimation 
approach.  
Using ML estimation in a spatial panel setting will derive log-likelihood functions to generate 
the estimation (Millo and Piras, 2012). Panel models are analysed using either the fixed effect 
(FE) or random effect (RE), accounting for the individual heterogeneity within the 
observations. In spatial panel models, the spatial specific effect, 𝑢𝑖, is treated as either a FE or 
RE (Elhorst, 2014b). In a FE model, 𝑢𝑖 is treated as a dummy variable for each spatial unit, 
whereas in a RE model, 𝑢𝑖 is treated as a random variable that is independently and identically 
distributed with zero mean and variance, assuming that 𝑢𝑖 is independent with the error term, 
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𝜀𝑖𝑡. To determine whether to use the FE or RE model, a specific test is required to be done – 
see section 5.4.3. 
5.4 Test for specification 
This section will discuss the various tests for specification. These are vital for the accurate 
specification of the spatial weights matrix, testing the spatial dependence of the lag and error 
and estimating the individual effects within the spatial econometric model. Given that this 
research will estimate the spatial Durbin panel model, the following outline will be based on 
that model. 
5.4.1 Specification of the spatial weights matrix 
In any spatial econometric modelling, the estimations are sensitive to the specification of the 
spatial weights matrix, W. In section 5.2.1.2, the different types of spatial weights matrix were 
discussed and choosing the most appropriate specification of spatial weights matrix is one of 
the most challenging tasks in spatial econometrics. There are various methods and criteria to 
select the weights specification, which can also be considered as goodness-of-fit measures of 
the models (Getis and Aldstadt, 2004; Elhorst, 2010). Previous applied spatial econometrics 
research have in general used four criteria will be used: residual variance, Akaike information 
criterion (AIC), Bayesian information criterion (BIC) and log-likelihood value (e.g. Harris and 
Kravtsova, 2009; Elhorst, Zandberg and De Haan, 2013; Li et al., 2016). The lower the residual 
variance, the better the fit. The AIC is a measure of goodness-of-fit and uses the likelihood 
function with the number of explanatory variables to discriminate between the models. The 
lower the AIC, the better the fit. Similarly, BIC is very closely related to AIC and is also based 
on the likelihood function and the number of explanatory variables. Lastly, the log-likelihood 
value is used relative to the number of observations in the model, based on a likelihood 
function. The higher the value, the better the fit.  
Using these criteria, the spatial weights matrix has been commonly specified, but it has been 
critiqued that this only finds the “local maxima” among other models and not necessarily a 
correctly specified matrix (Harris and Kravtsova, 2009, p. 5). Alternative approaches have been 
taken, such as estimating the weights matrix using the data in the model, using non-parametric 
approaches to test for the order of spatial contiguity or creating hybrid spatial weights matrices 
by combining the concept of distance to the traditional types of matrices (Harris and Kravtsova, 
2009). However, LeSage and Pace (2014) have criticised the sensitivity of the weights matrix 
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(refer to section 5.2.1.2). The specification of the spatial weights matrix for this research will 
be discussed in section 6.3. 
5.4.2 Spatial dependence of lag and error 
To test whether the spatial dependence is on the lag or error term, this research will use the 
Lagrange Multiplier (LM) test for a spatially lagged dependent variable (𝐿𝑀𝐿) and error term 
(𝐿𝑀𝐸) (Anselin, Le Gallo and Jayet, 2008). Based on a pooled regression model, the LM test 
can be used for a spatial panel model: 
 
𝐿𝑀𝐿 =  
𝑒′(𝐼𝑇 ⊗ 𝑊𝑁)𝑒 (𝑒
′𝑒/𝑁𝑇)2⁄
[
(𝑊?̂?)′𝑀(𝑊?̂?)
?̂?2
] + 𝑡𝑟[(𝐼𝑇 ⊗ 𝑊𝑁
2) + (𝐼𝑇 ⊗ 𝑊𝑁
′𝑊𝑁)]
 
(11) 
 𝐿𝑀𝐸 =  
𝑒′(𝐼𝑇 ⊗ 𝑊𝑁)𝑒/(𝑒
′𝑒/𝑁𝑇)2
𝑡𝑟[(𝐼𝑇 ⊗ 𝑊𝑁
2) + (𝐼𝑇 ⊗ 𝑊𝑁
′𝑊𝑁)]
 (12) 
where ⊗ denotes the Kronecker product; 𝐼𝑇 the identity matrix; 𝑒 residual vector of the pooled 
regression model; 𝑡𝑟 means the trace of matrix; 𝑊?̂? = (𝐼𝑇 ⊗ 𝑊𝑁)𝑋?̂? as the spatially lagged 
predicted values in the regression; and 𝑀 = 𝐼𝑁𝑇 − 𝑋(𝑋
′𝑋)−1𝑋′. The robust counterparts of 
these LM tests for the spatial panel will also be tested as a confirmatory procedure. 
5.4.3 Fixed effects or random effects 
The Hausman test is used to compare the FE and RE estimators in panel models (Millo and 
Piras, 2012). It tests whether or not the RE assumption is supported by the data. This has been 
extended to be compatible for spatial panel data settings in the form of: 
 𝑚 = (?̂?𝑅𝐸 − ?̂?𝐹𝐸)
′
[𝑉𝑎𝑟(?̂?𝑅𝐸) − 𝑉𝑎𝑟(?̂?𝐹𝐸)]
−1
(?̂?𝑅𝐸 − ?̂?𝐹𝐸) (13) 
where ?̂?𝑅𝐸 is the estimator of the RE model and ?̂?𝐹𝐸 is the estimator of the FE model. If the 
test statistics 𝑚 is positive and significant, the FE model is preferred. Though when the value 
of 𝑚 is negative, the RE model is preferred. 
5.5 Model specification 
After conducting the aforementioned tests, the global model will be specified and estimated, 
and then the local model. This section will present the global estimation and local estimation 
models that will be conducted to achieve the research aim and objectives. 
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5.5.1 Global estimation: spatial Durbin panel model  
This research will employ a spatial Durbin panel model to examine the impact of spatial 
clustering and agglomeration economies on the labour productivity of T&H firms. This 
includes the spatial lag of the dependent variable and the explanatory variables. The static 
spatial panel Durbin model is specified as follows: 
 𝑌𝑖𝑡 = 𝜌𝑖𝑡𝑊𝑌𝑖𝑡 + 𝑋𝑖𝑡𝛽 + 𝑊𝑋𝑖𝑡𝜃𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡 (14) 
where 𝑌𝑖𝑡  denotes an N × 1 vector of the dependent variable, T&H labour productivity, for 
spatial unit i (i = 1, ..., 373) at time t (t = 2006, ..., 2016), 𝑋𝑖𝑡 is the N × 5 vectors of explanatory 
variables, 𝛽 represents the corresponding 5 x 1 estimate parameters. 𝑊 is the row-standardised 
N × N spatial weights matrix (constant over time), describing the spatial arrangement for the 
spatial units, 𝜌𝑖𝑡  and 𝜃𝑖𝑡  are the spatial parameters, and lastly, 𝜀𝑖𝑡  is a N ×  1 vector of 
independently and identically distributed error terms with zero mean and variance, while 𝑢𝑖 
denotes the spatial specific effects. 
The dynamic spatial panel model is proposed to capture the dynamic structure of clustering 
and its effects on labour productivity of T&H firms. This is an extension to the static spatial 
panel model, and it includes the time-lagged dependent variable in addition to other 
explanatory variables. The dynamic spatial panel model can therefore analyse both the spatial 
autocorrelation between spatial units and dynamic structure over time, which reflects the 
constantly changing nature of clustering. The dynamic spatial panel Durbin model is specified 
as follows:  
 𝑌𝑖𝑡 = 𝜏𝑖𝑡𝑌𝑖𝑡−1 + 𝜌𝑖𝑡𝑊𝑌𝑖𝑡 + 𝑋𝑖𝑡𝛽 + 𝑊𝑋𝑖𝑡𝜃𝑖𝑡 + 𝑢𝑖 + 𝜀𝑖𝑡 (15) 
where 𝑌𝑖𝑡  denotes an N × 1 vector of the dependent variable, T&H labour productivity, for 
spatial unit i (i = 1, ..., 373) at time t (t = 2006, ..., 2016), 𝑌𝑖𝑡−1  denotes the time-lagged 
dependent variable, 𝑋𝑖𝑡  is the N ×  5 vectors of explanatory variables, 𝛽  represents the 
corresponding 5 × 1 estimate parameters. 𝑊  is the row-standardised N × N spatial weights 
matrix (constant over time), describing the spatial arrangement for the spatial units, 𝜏𝑖𝑡 , 𝜌𝑖𝑡 
and 𝜃𝑖𝑡  are the response parameters, and lastly, 𝜀𝑖𝑡  is a N × 1 vector of independently and 
identically distributed error terms with zero mean and variance, while 𝑢𝑖 denotes the spatial 
specific effects. 
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Spatial models exploit the complex dependence structure between the spatial units (i.e. 
spillover effects) and thus spatial feedback loop effects were introduced by LeSage and Pace 
(2009), whereby a one region impacts not only on another and vice a versa, but also beyond 
their neighbouring regions and back to the focal region. It measures the average effect of the 
change in the explanatory variable on the dependent variable from the focal region to the 
neighbouring regions and back. This implies the existence of direct, indirect and total marginal 
effects (Belotti, Hughes and Mortari, 2017). 
Equation 14 can be expressed in a reduced form as: 
 𝑦 = (𝐼 − 𝜌𝑊)−1(𝑋𝛽 + 𝑊𝑋𝜃 + 𝜀) (16) 
The partial derivative of this model with respect to a specific explanatory variable can be 
obtained as follows: 
 
𝑑𝑦
𝑑𝑥
= (𝐼 − 𝜌𝑊)−1(𝛽 + 𝑊𝜃) (17) 
where 𝑥 is an explanatory variable in 𝑋 with coefficient 𝛽, and 𝑊 is a n × n matrix. 
The direct, indirect and total effect measures are derived as follow (Elhorst, 2010; Yang and 
Fik, 2014; Golgher and Voss, 2016): 
• The direct effect measures the average effect of the change in explanatory variable (X) 
on the dependent variable (Y), including the feedback via the neighbouring regions and 
back to the focal region. This is derived from the mean of the diagonal terms of the 
partial derivative n × n matrix. 
• The indirect effect measures the average effect of the change in X of the focal region 
on the Y of neighbouring regions or X of neighbouring regions on the Y of the focal 
region. This is derived from the mean of the off-diagonal element in each row of the n 
× n matrix. 
• The total effect is the sum of the direct and indirect effect, which measures the average 
effect of the change in X of the focal region on the Y of all the focal and neighbouring 
regions. This is derived from dividing the row sums of the n × n matrix by the total 
number of observations. 
It is important to estimate these marginal effects as the direct coefficients of spatial models are 
often interpreted incorrectly as if they are simple partial derivatives (Golgher and Voss, 2016). 
This was mentioned previously in section 5.2.1.2 and 5.4.1 regarding the spatial weights 
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matrix. When interpreting the coefficients of the spatial Durbin panel model, theses marginal 
effects are crucial to interpreting the direct and indirect (spillover) effects of the variables 
correctly, which this research will follow. 
5.5.2 Local estimation: geographically weighted regression model 
Literature and theory suggest significant regional disparities in labour productivity across the 
UK, i.e. spatial heterogeneity across the regions. In this case, a local estimation where 
coefficients are allowed to vary from region to region would be beneficial for understanding 
the spatial variation of the relationship between spatial clustering and agglomeration 
economies and labour productivity of the T&H industry. This study will apply the 
geographically weighted regression (GWR) approach to locally estimate the spillover effects 
of agglomeration economies and labour productivity at the local level. It is important to note 
that compared to the global model, which is a spatial panel model, due to limited access to data 
and statistical software, a geographically weighted panel regression cannot be analysed. The 
‘GWmodel’ package (Gollini et al., 2015) in R is incompatible for panel data. Henceforth, the 
local estimations will be based on a cross-sectional setting. The local model is specified as 
follows: 
 𝑈(𝑖)𝑌 = 𝜌0𝑈(𝑖)𝑊𝑌 + 𝑈(𝑖)𝑋𝛽0 + 𝑈(𝑖)𝑊𝑋𝜃0 + 𝑈(𝑖)𝜀0 (18) 
where 𝑈(𝑖) denotes an N x N diagonal local spatial weights matrix for spatial unit i, 𝑌 is the 
dependent variable, T&H labour productivity, 𝑋 is the N x 5 vector of explanatory variables 
and  𝑊  is the row-standardised N x N spatial weights matrix. 𝛽0 ,  𝜌0  and 𝜃0  are now sub-
indexed to denote local parameters that vary from one unit to another.  
The local spatial weights matrix involves the selection of a kernel function using a bandwidth 
that can be specified as a fixed distance or fixed number of local data (i.e. adaptive distance) 
(Harris, Fotheringham and Juggins, 2010). The kernel function controls the shape of the 
distance decay effect and the bandwidth controls for the smoothness of the decay. The kernel 
function places more weight on locations that are in proximity than those that are in distant. It 
has a bandwidth parameter which determines the spatial range of the kernel. The Gaussian and 
bi-square kernel functions are the two commonly used in calculating the weighting functions: 
 Gaussian: 𝑤𝑖𝑗 = 𝑒𝑥𝑝 (−
1
2
(
𝑑𝑖𝑗
𝑏
)
2
) (19) 
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 Bi-square: 𝑤𝑖𝑗 = {
(1 − (𝑑𝑖𝑗/𝑏)
2
)
2
,  𝑖𝑓  |𝑑𝑖𝑗| < 𝑏
0                , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (20) 
where 𝑑𝑖𝑗is the distance between observations i and j, and 𝑏 is the bandwidth, which generates 
a decay effect with distance 𝑑𝑖𝑗between locations i and j. 
This model will adopt the Gaussian function as it is continuous and uses all the data, whereas 
the bi-square function is discontinuous (Lu, Harris, et al., 2014). Additionally, the adaptive 
bandwidth will be used, which defines the N nearest neighbours, because adaptive kernels have 
larger bandwidths where data are dispersed and different bandwidths where data are 
concentrated (Fang, Li and Li, 2019). A bandwidth that is too narrow may generate large or 
unrealistic variations in parameter estimates (Lu, Charlton, et al., 2014). However, a very wide 
bandwidth may generate estimates with little variation, which does not represent the local 
conditions (ibid.). An optimum kernel bandwidth for the GWR can be determined by the model 
fit diagnostics. A corrected version of the AIC (AICc) is used because the usual AIC is a 
function of the sample size. This is suitable when using local regression modelling due to the 
small local degree of freedom and relatively smaller sample size; the usual AIC tends to choose 
smaller bandwidths based on under-smoothed geographically varying coefficients (Hurvich, 
Simonoff and Tsai, 1998; Lloyd, 2010). For bandwidth, 𝑏, the AICc is as follows: 
 𝐴𝐼𝐶𝑐(𝑏) = 2𝑛𝑙𝑛(?̂?) + 𝑛𝑙𝑛(2𝜋) + 𝑛 {
𝑛 + 𝑡𝑟(𝑆)
𝑛 − 2 − 𝑡𝑟(𝑆)
} (21) 
where 𝑛 is the local sample size, according to 𝑏; ?̂? is the estimated standard deviation of the 
error term; and 𝑡𝑟(𝑆) denotes the trace of the hat matrix 𝑆, this is the projection matrix from 
the observed 𝑦 to the fitted values, ?̂?, (Gollini et al., 2011). The optimal bandwidth size is 
determined by comparing the AICc with the different bandwidth sizes, and the model with the 
lowest AICc has the best performance (Fotheringham, Charlton and Brunsdon, 1998). 
The GWR summarises the minimum, lower quartile, median, upper quartile and maximum 
value of the estimated coefficients across the LADs that defines the degree of variability in the 
coefficients (Matthews and Yang, 2012). This means that the analysis runs the OLS regression 
model for each spatial unit and then generates the five-number summary for each variable from 
the regression model. This will show the spatial variation of the impacts of spatial clustering 
and agglomeration economies on labour productivity of T&H firms across the regions, which 
the spatially lagged variables will be visually mapped and presented to analyse in more 
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specificity. To reduce the effect of outliers in GWR, robust GWR will be also estimated. This 
re-fits the GWR with a filtered dataset that removes observations that correspond to large 
residuals of an initial GWR fit (Gollini et al., 2011). 
5.5.3 Spatial unit of analysis 
The unit of analysis has been referred to as spatial unit, and in this research, a spatial unit is 
defined as a local authority district (LAD). Spatial data are usually in the forms of points, lines 
or polygons (shapes). Data used in this research is in the form of polygons, which represents 
each LAD. Alternative spatial units such as the Nomenclature of Territorial Units for Statistics 
(NUTS) are determined in different ways (ONS, 2017c) – Table 5.1.  
Table 5.1 NUTS areas in the UK 
NUTS 1 2 3 
England Regions 
Counties/groups of 
counties 
Counties/groups of 
unitary authorities 
Scotland Country 
Combinations of council areas, local 
enterprise companies and parts thereof 
Wales Country Groups of unitary authorities 
Northern Ireland Country 
Groups of district 
council areas 
Source: ONS (2017c) 
Since NUTS is created by the European Office for Statistics, it is valuable in comparing the 
statistics amongst nations in the European Union, but as it is a group of different spatial units, 
each NUTS unit varies in size substantially (Vojtech and Pavlina, 2014). Other units such as 
electoral (wards) or travel-to-work-areas (TTWAs), i.e. functional economic areas that 
represent local labour markets, are excluded as they are not consistently available among the 
data sources required for this research (section 5.6.2).  
Given that this research only looks at the UK, a more localised spatial unit is preferred and 
using LADs ensure the consistency of using one type of spatial unit. LADs reflect 
administrative boundaries, which are also arbitrary in many ways (ONS, 2019d). This means 
that local governments implement strategies and policies at the LAD level. Compared to 
TTWAs, LADs may not be able to capture workers that commute to the areas, but they are also 
considered to be reasonable approximations of local labour market areas (UKCES, 2014). 
LADs can be considered more practical in terms of implementing place-based strategies of 
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agglomeration. Additionally, the Office for National Statistics (ONS) annual local area 
database is based on LADs, aiming to capture economically active respondents. This includes 
the key data sources, such as the annual population survey, that are used in this research (refer 
to section 5.6.2). Thus, this research defines a spatial unit as a LAD. 
5.5.4 Variables 
Table 5.2 presents the variables of the model (refer to equation 14, 15 and 18) – the following 
tables will use the variable names presented in Table 5.2.  
Table 5.2 Summary of variables 
Code  Name Description 
𝑌𝑖𝑡  T&H labour productivity 
T&H GVA at basic price over total T&H labour 
worked hours 
𝑋𝑖𝑡 
𝑥1𝑡 location quotient 
Ratio of T&H employment to total employment 
in a spatial unit against the ratio of T&H 
employment to total employment 
𝑥2𝑡 skilled labour pool 
Share of T&H employees with NVQ level 1-5 or 
equivalent qualification(s) 
𝑥3𝑡 formal entry qual 
Share of T&H employees with jobs that require 
formal qualification(s) for entry 
𝑥4𝑡 last job in T&H 
Share of employees who have had a previous 
job in T&H 
𝑥5𝑡 
non-T&H labour 
productivity 
Non-T&H GVA at basic price over total non-
T&H labour worked hours. 
Source: Author (2019) 
The dependent variable, 𝑌𝑖𝑡, T&H labour productivity, is measured as total gross value added 
(GVA) at basic price of T&H firms over total T&H labour worked hours in a spatial unit. GVA 
at basic price is defined as the difference between approximate output at basic prices and 
approximate intermediate consumption at purchase prices – this is calculated as follows by the 
ONS (Ayoubkhani, 2014, p.10): 
GVA at basic price = total turnover  
- VAT included in total turnover  
+ changes in total stocks and work in progress  
+ work of a capital nature carried out by own staff for own use  
- total net taxes (or just total taxes for service industries)  
+ net taxes on production (business rates + vehicle excise duty - 
subsidies received through the Work Programme)  
- total purchases (including insurance premiums purchases)  
+ the value of insurance claims received 
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The explanatory variables, 𝑋𝑖𝑡, are as follows:  
• location quotient, 𝑥1𝑡, represents the degree of clustering of T&H firms in a spatial unit. 
• skilled labour pool, 𝑥2𝑡 , is the share of T&H employees with National Vocational 
Qualifications (NVQs) level 1 to 5, or equivalent qualifications amongst the total T&H 
employees in a spatial unit. This is a proxy for labour market pooling. 
• formal entry qual, 𝑥3𝑡, is the share of T&H employees with jobs that require formal 
qualifications for entry amongst the total T&H employee in a spatial unit. This is a 
proxy for labour market pooling. 
• last job in T&H, 𝑥4𝑡, is the share of employees who had a previous job in T&H amongst 
the total number of employees in a spatial unit. This is a proxy for knowledge spillover. 
• non-T&H labour productivity, 𝑥5𝑡, labour productivity of non-T&H sectors, measured 
by the GVA at basic price of non-T&H firms over total non-T&H labour worked hours 
in a spatial unit. This controls for the changes in the local economy of a spatial unit. 
The following sub-sections critically review the different measurements that past studies have 
used to formulate the aforementioned variables.  
5.5.4.1 Dependent variable: labour productivity 
Numerous studies have examined the relationship between the productivity of firms or labour 
and spatial clustering and/or agglomeration economies (Ciccone and Hall, 1996; Rigby and 
Essletzbichler, 2002; Rosenthal and Strange, 2004; Broersma and Oosterhaven, 2009; 
Andersson and Loof, 2011; Ding, Guariglia and Harris, 2016; Li, Wang and Zhang, 2017). 
Labour productivity has been widely used and defined and measured in different ways (Table 
5.3). In the context of T&H, there are operational, physical and financial measure of 
productivity, and some of these are also hybrid – refer back to Chapter 2.  
This research measures labour productivity as gross value added (GVA) per hour worked. GVA 
per hour worked is a widely-used and preferred measure as it overcomes the heterogeneity of 
outputs in businesses and captures price differentials which can reflect quality disparities 
(Griffith et al., 2003; Marchante and Ortega, 2012). This is because GVA takes the difference 
between the value of production and intermediate consumptions, and other physical measures 
of output, such as sales, exclude the subjective perceptions of output quality and consumer 
perspectives (Marchante and Ortega, 2012). GVA measures also are not distorted by the 
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variation in the extent of franchising operations of different T&H firms, unlike measures such 
as total revenue (Baker and Riley, 1994). It also accounts for the differences in labour market 
structure and working patterns between different regions (Prothero, 2016) and measures actual 
labour input more accurately than the number of employees (Gardiner, Martin and Tyler, 
2004).  
Table 5.3 Measures of labour productivity 
Labour productivity Measure References 
Output sales or revenue Brown and Dev, 2000; Eriksson and 
Lindgren, 2009; Devesa and 
Peñalver, 2013; Brunow and Blien, 
2014; Roehl, 2016 
(total or gross) value added Rigby and Essletzbichler, 2002; 
Griffith et al., 2003; Brülhart and 
Mathys, 2008; Eriksson and 
Lindgren, 2009; Andersson and 
Loof, 2011; Wixe, 2015 
wage Amiti and Cameron, 2007; Graham 
and Melo, 2009; Segarra-oña, Peiró-
Signes and Verma, 2015; Roehl, 
2016 
Input number of employees Ciccone and Hall, 1996; Rosenthal 
and Strange, 2001; Andersson, 
Burgess and Lane, 2004; 
Oosterhaven and Broersma, 2007 
labour worked hours Rigby and Essletzbichler, 2002; 
Jones and Siag, 2009; Li, Joppe and 
Meis, 2016 
Alternative measures of labour productivity that use GVA as an output measure, such as GVA 
per head or per worker, differ from GVA per hour worked. ONS (2019c) highlights that GVA 
per head “is not a measure of regional productivity”, and this is because per head refers to the 
number of people living in the region, which means that GVA (a workplace-based measure) is 
divided by a residential population measure (Prothero, 2017). Thus, GVA per head includes 
people who do not contribute to GVA and does not include the people who commute in and 
out of the region for work purposes. There are also demographic variations or differences in 
the rate of economic activities between different areas, which suggests GVA per head as an 
inaccurate measure for labour productivity at a regional level.  
This then leaves the debate between GVA per worker (or per filled job) and per hour worked. 
GVA per worker only includes the input of those who are contributing to the GVA, which 
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makes it more appropriate than per head of population. However, it does not take into account 
the regional labour market structure or difference in working patterns (e.g. changes in average 
hours worked due to shifts in the balance between full- and part-time workers). Thus, GVA per 
hour worked is the preferred measure at the regional level (Prothero, 2016, 2017). 
Nevertheless, GVA per hour worked measures can face data quality issues because hours 
worked estimates are not always precise and clear (Freeman, 2008) and in some regions, some 
industries may have limited activities (Ward and Taylor, 2017). In the context of the service 
industry and in particular T&H, measuring service output is a challenge, which also impacts 
on their quality (Brown and Dev, 2000). Yet, given the data availability (section 5.6), GVA per 
hour worked is attainable and valid to use to measure labour productivity for the T&H industry 
at a regional level.  
5.5.4.2 Degree of clustering  
Moving on to the development of explanatory variable measures, there are a number of ways 
of measuring the degree of clustering or concentration of firms and/or industries in a region. A 
substantial body of research deals with cluster mapping and identification using exploratory 
techniques and a mixture of quantitative and qualitative methodologies such as social network 
analysis (e.g. Baggio, 2011). Some studies have applied the concepts of industrial district 
systems to tourism (e.g. Hjalager, 1999), or local tourism systems (e.g. Lazzeretti, Boix and 
Capone, 2008), and quantitative studies identify tourism clusters with a variety of 
measurements such as location quotients (e.g. Peiró-Signes et al., 2014; Capone and Boix, 
2015; Majewska, 2015). Measures of clustering vary from the basic concentration of 
employment in a region (employment density) to the complex Ellison-Glaeser index of 
concentration. Some of the key measures are presented in Table 5.4. 
Amongst the different examples of measures, this research will use the location quotient to 
measure the degree of clustering of T&H firms in a region. The location quotient is a simple 
and very common measure used to assess the degree of geographical clustering and industrial 
specialisation of a region (Campos and Prothero, 2012). The local Gini coefficient is similar to 
the location quotient measure as it shows the concentration of a certain sector in a region, but 
it does not reveal the spatial patterns of the clustering, and thus requires an additional index 
that can capture such patterns, for example, the local Moran’s I (Guillain and le Gallo, 2006).  
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Table 5.4 Measures of degree of clustering 
Variable Measurement Definition(s) References 
Degree of 
clustering 
Ellison-Glaeser 
index of 
concentration 
The Ellison-Glaeser index is an 
unbiased estimate for industrial 
localisation. It estimates the 
probability that a firm chooses 
its location following the prior 
firm’s decision rather than 
locating randomly. 
Rosenthal and Strange, 
2001; Dumais, Ellison 
and Glaeser, 2002; Fan 
and Scott, 2003; 
Henderson, 2003; 
Overman and Puga, 
2008; Ellison, Glaeser 
and Kerr, 2010; 
Mariotti, Piscitello and 
Elia, 2010; Faggio, 
Silva and Strange, 
2014 
Employment 
density 
Concentration of employment 
in small- and medium-sized 
tourist businesses above the 
national average. 
Brülhart and Mathys, 
2008; Marco-Lajara, 
Claver-Cortés, et al., 
2016; Marco-Lajara, 
Zaragoza-Saez, et al., 
2016 
Local Gini 
coefficient 
Local Gini coefficient indicates 
the degree of geographical 
concentration/dispersion of 
employee jobs in a specific 
industry, derived from a spatial 
Lorenz curve. 
Guillain and le Gallo, 
2006; Gabe and Abel, 
2012 
Local Moran’s I Local Moran’s I indicate 
whether local regions with high 
or low concentration of a 
specific industry are clustered 
in space. 
Guillain and le Gallo, 
2006; Guti Errez et al., 
2017; Majewska, 2017 
Location quotient Ratio of (T&H) industry 
employment to total 
employment in a region against 
the ratio of (T&H) industry 
employment to total 
employment in the whole 
country. 
Cainelli, Leoncini and 
Montini, 2007; Peiró-
Signes et al., 2014; 
Capone, 2015; Capone 
and Boix, 2015; 
Segarra-Oña, Peiró-
Signes and Verma, 
2015; Chhetri et al., 
2017; Majewska, 2017 
This is also a weakness with the location quotient measure, but the use of spatial econometrics 
in this research will account for the spatial patterns. The Ellison-Glaeser index is a more 
complex measure compared to the location quotient and it treats every spatial unit as 
symmetrical, i.e. the distance between the spatial units are ignored, whereas in reality, it is 
rather heterogeneous (Scholl and Brenner, 2016; Rothenberg et al., 2017). Moreover, spatial 
heterogeneity is one of the key spatial patterns that should be considered in the analysis, and 
118 
thus the Ellison-Glaeser index is not considered for this research. In contrast, the location 
quotient takes into consideration the difference between spatial units as its main component is 
the sector employment share of a spatial unit (Segarra-Oña, Peiró-Signes and Verma, 2015); 
henceforth, the location quotient is a more suitable measure in the context of this research. 
However, the location quotient has its limitation in that there is no theoretical or empirical 
confirmation on how large the location quotient should be to indicate clustering and identify 
the boundary of a cluster (Feser and Sweeney, 2000; Martin and Sunley, 2003). Due to data 
limitations, the boundary of the cluster will not be defined by the location quotient in this 
research, rather it will follow the geographical data format which defines the spatial unit of a 
cluster – LAD (refer to section 5.5.3). Although the adequacy of the clustering indices is 
debatable, there is no perfect index to completely characterise the determinants and boundary 
of clustering across industries (Kominers, 2002; Peiró-Signes et al., 2014). Henceforth, given 
that location quotient is well-supported by many scholars (see Table 5.4), the location quotient 
is utilised to examine the degree of clustering of T&H firms. 
5.5.4.3 Agglomeration economies: labour market pooling  
One of the key interests of this research is the operationalisation and impact of agglomeration 
economies on T&H labour productivity. As explained, this research will only focus on labour 
market pooling and knowledge spillovers. Labour market pooling, which refers to the pool of 
skilled and diverse labour within a spatial unit, can be measured via numerous measures and 
definitions according to Table 5.5.  
There are various methods for quantifying labour market pooling from straightforward and 
simple to complex measures. Some of the more widely used ways include looking at the labour 
matching variables and skilled labour pools. In terms of the concept of agglomeration 
economies and specifically labour market pooling, the possibility of labour matching is 
theorised when firms or sectors cluster together in a specific region (Amend and Herbst, 2009). 
Complex measures for matching were used in some previous studies, for example, ordering 
worker skills according their closeness to the firm’s required skill (Amend and Herbst, 2009), 
and correlation between firm quality and employee quality (Andersson, Burgess and Lane, 
2007). Labour turnover is also an example of measure of labour market pooling, e.g. proportion 
of employees moving jobs with or without changing their job type or proportion of workers 
leaving firms voluntarily (Andini et al., 2012). Another alternative measure found in existing  
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Table 5.5 Measures of labour market pooling 
Variable  Measure Definition(s) References 
Labour 
market 
pooling 
Matching - Match of employer to 
employee panel; 
- Match of employee’s skills to 
required skilled from the 
employer; 
- Matching equilibrium – joint 
density function of firm and 
worker qualities; 
- Matching regression used to 
test for positive effects of an 
area’s employment density on 
the employee-employer 
matching  
Helsley and Strange, 
1990; Rigby and 
Essletzbichler, 2002; 
Andersson, Burgess 
and Lane, 2004; Mion 
and Naticchioni, 2009; 
Ellison, Glaeser and 
Kerr, 2010; Di 
Addario, 2011; Gabe 
and Abel, 2012; Melo 
and Graham, 2014 
Pool of skilled 
labour/human 
capital 
- Similarity of a firm’s 
educational composition of 
the workers to the educational 
composition of other firms in 
the region; 
- Share of managers on the 
total employment in an 
industry; 
- Share of population with a 
college/university education; 
- Share of employees in 
professional and technical 
jobs or classified under 
specialised jobs, or with 
national vocational 
qualifications; 
- Specialised knowledge that 
occupations require; 
- Difference between 
employment percentage 
change in establishment and 
sector. 
Kim, Barkley and 
Henry, 2000; 
Rosenthal and Strange, 
2001; Glaeser and 
Maré, 2001; Glaeser 
and Saiz, 2004; 
Wheeler, 2006; Amiti 
and Cameron, 2007; 
Overman and Puga, 
2008; Mariotti, 
Piscitello and Elia, 
2010; Andersson and 
Loof, 2011; Di 
Addario, 2011; Melo 
and Graham, 2014; 
Potter and Watts, 2014 
Turnover - Share of new employees at 
workplace this year in 
comparison to chosen 
previous year; 
- Workers moving jobs 
with/without changing job 
type; 
- Proportion of workers leaving 
firms voluntarily. 
Eriksson and 
Lindgren, 2009; 
Andini et al., 2012 
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studies is labour poaching, which is considered to be a cost of labour market pooling and is 
usually considered together with wages (Combes and Duranton, 2006). This measure can be 
appropriate in the context of T&H, but it is challenging to obtain sufficient data to construct 
such measurements. 
In this research, skilled labour pool is used as a variable to proxy labour market pooling. 
Turnover is attainable via the raw data, but due to poor data coverage, it could not be 
operationalised in this research. Some examples of skilled labour pool measures, listed in Table 
5.5, use education qualifications to proxy skills. However, in this research, the labour 
requirement will be approached differently considering that T&H labour is relatively low-
skilled compared to other sectors in the economy (People1st, 2013, 2015). In 2012, more than 
a quarter of T&H employment was categorised under ‘elementary occupations’, which are job 
roles that do not require formal qualifications; this was the largest share amongst the different 
occupational categories and was more than double compared to the rest of the economy (Cebr, 
2014). Therefore, rather than using education categories, this research will employ vocational 
qualification categories to proxy a skilled labour pool. This is different as education refers to 
academic qualifications (e.g. undergraduate and postgraduate degrees) whereas vocational 
qualifications are attained through work (e.g. NVQs) (Jenkins and Sabates, 2007). 
Vocational qualifications are more suitable in the context of the T&H industry given that 
incumbent workers are low skilled and new skills and training tend to be attained through their 
occupation, which implies that vocational training and qualifications are more accessible to 
T&H labour. It is important to acknowledge that NVQs are UK-based qualifications and given 
the significant proportion of non-UK labour in the T&H industry, the NVQs may not account 
for the whole workforce. Therefore, qualifications that are equivalent to the NVQs have been 
included – refer to section 5.6.2. Yet, it is important to be aware of the difficulties of obtaining 
direct measures of labour skills and competencies through specialised surveys (Jenkins and 
Sabates, 2007). Many scholars, beyond those mentioned in Table 5.5, use education or 
vocational qualifications to proxy labour skills in quantitative studies, but researchers need 
appropriate theoretical awareness as to whether it can be used as a proxy of skills (Schneider, 
2011).  
Another measure will be used to proxy labour market pooling. In the ONS, the Standard 
Occupational Classification (SOC) is a classification of jobs which have been grouped 
according to the concepts of skill level and skill specialisation. Skill level is defined as the time 
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of training and/or work experience taken for an individual to become fully competent in the 
performance of the task associated with the job – i.e. gaining necessary formal qualifications 
or work-based training (ONS, 2010). Skill specialisation is defined as the “knowledge required 
for competent, thorough and efficient conduct of the tasks” (ONS, 2010, p. 2). The SOC 
accounts for competence acquired through non-school qualifications, training and work 
experience, which suits the nature of the T&H industry (Graham and Melo, 2009). This implies 
that the SOC can be used as an alternative proxy for labour skills. There is evidence in previous 
studies that have used SOC as a proxy for workers’ skill (e.g. Graham and Melo, 2009; Melo 
and Graham, 2014).  
However, there are limitations to the SOC that need to be considered. It is important to 
acknowledge that only paid jobs are classified in the SOC and it is on a personal-level, not a 
sectoral-level (Haven-Tang and Jones, 2008). This makes it difficult to distinguish clearly the 
jobs in T&H according to the SOC. Despite the SOC having been improved over the years 
from the SOC 2000 to SOC 2010, the SOC are still imperfect to proxy labour skills. There are 
research and data that provide better measures of skills, for example, the British Cohort Study 
and the UK Commission for Employment Skills’ Employer Skills Survey, and studies have 
shown clear associations between skill levels and occupation – the higher the ranking of the 
occupation, the greater variety of skills reported (Bynner, 1994, cited in Skills Task Force, 
2000). However, given the limits to data availability, SOC data are more extensive than any 
other data that measure skills (Skills Task Force, 2000).  
Henceforth, two variables have been constructed based on the SOC codes. The SOC 2010 
one-digit codes (Table 5.6) have been extracted and aggregated into two categories of jobs 
that requires formal entry qualification(s) (SOC code: 1-4, 6 and 7) and jobs that do not 
require formal entry qualifications (SOC code: 5, 8, 9) (ONS, 2010) – discussed further in 
section 5.6.2. The former proxies high skilled jobs and the latter proxies low skilled jobs. The 
reason to divide it in this way is because of the high proportion of low skilled labour in T&H, 
whom typically do not require formal qualifications to take such job (Cebr, 2014). However, 
only the variable measuring the jobs that requires formal entry qualification(s) is used in the 
final analysis (𝑥3𝑡) as it proxies high skilled jobs, which theoretically associates positively 
with labour productivity and one variable is opposing the other.  
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Table 5.6 SOC 2010 one-digit codes 
SOC 2010 Description 
1 Managers, Directors and Senior Officials 
2 Professional Occupations 
3 Associate Professional and Technical Occupations 
4 Administrative and Secretarial Occupations 
5 Skilled Trades Occupations 
6 Caring, Leisure and Other Service Occupations 
7 Sales and Customer Service Occupations 
8 Process, Plant and Machine Operatives 
9 Elementary Occupations 
Source: ONS (2010) 
5.5.4.4 Agglomeration economies: knowledge spillovers 
Knowledge spillovers are difficult to capture in the context of the T&H industry as knowledge 
is strongly tacit in nature (Bathelt, Malmberg and Maskell, 2004; Shaw and Williams, 2009). 
Reviewing the various measures of knowledge spillovers used in past research, including both 
non-T&H and T&H literature, some of the examples are shown in Table 5.7. 
Table 5.7 Measures of knowledge spillovers 
Variable Measure Definition(s) References 
Knowledge 
spillovers 
Innovation-
related 
- The share of firms that 
undertook innovation or 
used tacit methods to 
protect their innovation 
in a region; 
- Number of new products 
advertised in trade 
magazines; 
- Hazard rate – probability 
that a firm will adopt the 
innovation at time t 
conditional on not having 
adopted the innovation 
before t. 
Feldman, 1999; Baptista, 
2000; Rosenthal and 
Strange, 2001; Audretsch 
and Feldman, 2004; 
Mariotti, Piscitello and 
Elia, 2010 
Knowledge 
resources/proxi
mity 
- Number of universities 
that offer education in 
tourism divided by the 
population of the region; 
- Number of public/private 
technological institutions 
or research centres 
Coccia, 2008; Marco-
Lajara et al., 2014; Marco-
Lajara, Claver-Cortés, et 
al., 2016; Marco-Lajara, 
Zaragoza-Saez, et al., 2016 
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specialising in tourism 
research in the region. 
Networks - Network science 
approach; 
- Survey-based data 
showing frequency of 
interaction between firms 
in a region, or the level 
of importance considered 
on knowledge linkages 
established in each firm 
in a region. 
Boschma and Ter Wal, 
2007; Giuliani, 2007; 
Baggio, 2011 
Patent citation - Number of patent 
citations;  
- Tracking of patent 
citation flows – measure 
the extent to which 
patents in industry a cite 
patents in industry b, 
vice-versa. 
Jaffe, Trajtenberg and 
Henderson, 1993; Feldman, 
1999; Agrawal, Kapur and 
McHale, 2008; Ellison, 
Glaeser and Kerr, 2010; 
Autant-Bernard and 
LeSage, 2011; Faggio, 
Silva and Strange, 2017 
R&D 
expenditure 
- Total R&D investment; 
- Total sectoral (private) 
R&D expenditure of a 
certain industry over the 
value added of the 
corresponding sector in 
the region. 
Coe and Helpman, 1995; 
Audretsch and Feldman, 
1996; Cainelli, Leoncini 
and Montini, 2007; Autant-
Bernard and LeSage, 2011 
The most common measures used to proxy knowledge spillovers are patent citation and 
research and development (R&D) expenditure. These are for codified knowledge that are 
quantifiable for statistical testing; such data are relatively easily available in the production or 
manufacturing industries and also in the high-tech industries (Cowan, Soete and Tchervonnaya, 
2002; Mariotti, Piscitello and Elia, 2010). Jaffe, Trajtenberg and Henderson (1993) used patent 
citation to portray the paper trail of knowledge transfer, and R&D is a common measure of 
knowledge used in past studies (Hjalager, 2002). However, in the context of T&H, neither 
patent citation nor R&D expenditure measures are appropriate as the T&H industry is a service 
industry where patenting and R&D investments are absent and low, respectively, compared to 
the manufacturing industry (ibid.).  
Innovation-related and network measures are also problematic because it is difficult to account 
for the different types of innovation. Product innovation is commonly considered (e.g. 
Rosenthal and Strange, 2001; Audretsch and Feldman, 2004), which is relatively less relevant 
to the T&H context. Innovation in T&H are process-related due to the inevitable interaction 
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between the producer and consumer during the process of service delivery and consumption 
(Williams and Shaw, 2011); but mixed conclusions are evident (Hall and Williams, 2008). 
However, in this research, specific innovation measures are not considered as it goes beyond 
the research scope since the focus is on knowledge spillovers rather than innovative activities 
or products that result from knowledge spillovers. Additionally, standard data sources of 
innovation, such as the UK Innovation Survey and EU Community Innovation Survey, do not 
capture the extent of innovation in tourism while also providing only a relatively small sample 
of firms (around 300 firms) in these sectors, which is insufficient to be used for this research. 
Mariotti, Piscitello and Elia (2010) adopt a tacit innovation index which reflects technical and 
managerial innovation, but these are difficult to capture using secondary data. Similarly, 
networks are difficult to quantify using secondary data as the studies noted in Table 5.7 have 
used primary data to capture knowledge networks. Furthermore, this research focusses on 
agglomeration economies rather than specifically on how knowledge is established and 
transferred, thus network measures are less relevant to this study.  
Reviewing the relevant T&H literature on spatial clustering, knowledge resources have been 
widely used (Marco-Lajara, Claver-Cortés and Úbeda-García, 2014; Marco-Lajara, Claver-
Cortés, et al., 2016b; Marco-Lajara, Zaragoza-Saez, et al., 2016). These are measured, for 
example, as the number of universities that offer education in tourism per head in a region 
(Marco-Lajara, Claver-Cortés, et al., 2016b). However, this measure can be argued to be 
ambiguous and problematic in measuring knowledge spillovers in a region, due to the 
geographical dispersion of students after graduation. Moreover, utilising the number of 
inhabitants in a region as the denominator means that it includes individuals in all ages, 
different educational and occupational backgrounds. It also does not include individuals who 
may commute in from other regions for work purposes, for example. Thus, this measure will 
not be used in this research.  
Knowledge in T&H is strongly tacit in nature, which is intangible and difficult to express and 
formalise (Cooper, 2006). Tacit knowledge is difficult to codify as it tends to be highly 
personal. The transfer of tacit knowledge usually occurs between individuals via various forms 
of learning experiences (Nonaka, 1991; Cooper, 2006). There are various channels of tacit 
knowledge transfers and spillovers as discussed in section 3.3.4. Human capital is created, 
amongst other ways, through learning by observation and imitation which are more easily 
available in geographically concentrated areas owing to transparency and close proximity to 
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the practices to be observed (Cowan, Soete and Tchervonnaya, 2002; O’Sullivan, 2009). There 
can be inter-firm exchanges in knowledge, via suppliers but also collaborative approaches 
(Weidenfeld, Williams and Butler, 2010). A number of studies have analysed how knowledge 
flows are generated under conditions of physical proximity and separation based on the 
existence of social proximity between firms and individuals (Agrawal, Kapur and McHale, 
2008; Torre, 2008; Grabher and Ibert, 2014). In such learning environment, the movement of 
labour across cluster firms is a potent means for realising knowledge spillover effects 
(Weidenfeld, Williams and Butler, 2010).  
Labour mobility plays an important role in knowledge flows, whether that is inter- or extra-
firm (Weidenfeld, Williams and Butler, 2010). Tacit knowledge is considered to be embrained, 
embodied, encultured and embedded by individuals (Blackler, 2002). Embrained and 
embodied knowledge are held by individual workers, which are transferrable via learning by 
observation or participation which requires also labour movement (Williams, 2007b). 
Encultured and embedded knowledge are place-specific; they are socially-situated and 
institution-specific (Williams and Baláž, 2008). However, there can also be knowledge 
hoarding (Wah, 1999). In T&H, as employees are highly transient and mobile, labour 
movement is inevitable both inter-firm and extra-firm, which implies the movement of 
knowledge. In addition, given that the UK T&H industry has a high but regionally variable 
proportion of migrant labour who are also highly transient, such individuals are also carriers of 
(tacit) knowledge (Coe and Bunnell, 2003; Williams and Baláž, 2008; Shaw and Williams, 
2009). There is considerable evidence in the literature that the movement of experienced and 
knowledgeable workers within firms can be considered a channel for knowledge spillovers 
(Coe and Bunnell, 2003; Yang, 2008, 2010). Individuals learn from each other by observation 
and imitation, and this brings both tacit and codified knowledge from different localities via 
movement from one job to another or even one department to another, generating unusual 
learning and sharing of indigenous knowledge (Allen, 2000; Smith, 2001). This can reflect 
knowledge spillovers within and across firms in a region, in which this research has 
operationalised knowledge spillovers by constructing a measure based on the share of 
employees in a spatial unit that have had their previous job in T&H – further in section 5.6.2. 
In the following section, the data descriptions and source will describe further how the 
variables have been formulated and aggregated from the raw data in more detail. 
126 
5.6 Data descriptions 
Spatial panel data from 2006 to 2016 is used in this research. This section will describe the 
data used to analyse the models and discuss the process of data access, source and processing.  
5.6.1 Data access 
The spatial panel data has been obtained from the UK Data Service (UKDS), which provides 
users with optimal and flexible access to a wide range of data resources to facilitate high quality 
social and economic research (UK Data Service, 2017b). The main data source accessed from 
the UKDS is the ONS data, the UK’s largest independent producer of official statistics related 
to the economy, population and society at the national, regional and local level (ONS, 2019a).  
This research used the UKDS ‘Secure Lab’ to collect and access the necessary data. The Secure 
Lab provides access to data that are entitled secure access as they are too detailed, sensitive or 
confidential to be made open access. Data collection, preparation and analysis must be done in 
the Secure Lab because the secure data cannot be downloaded or exported externally and used 
in an alternative platform or setting. The Secure Lab has a limited range of software that can 
be used for data preparation and analysis due to security and safety reasons, but the necessary 
software (Microsoft Office, R and Stata) required for this research were available (UK Data 
Service, 2019).  
To gain access to such data, the researcher must hold the ONS Researcher Accreditation and 
have the research proposal approved by the ONS Microdata Release Panel (ONS, 2019b). This 
requires the researcher to formally register to the UKDS, which manages the Approved 
Researcher scheme to govern access to ONS data, and complete the Accredited Researcher 
application form and research proposal form and apply to the UKDS (UK Data Service, 2017a). 
The researcher registered and applied in April 2017, and then after the written application form 
was approved in November 2017, the researcher attended the Safe User of Research data 
Environment training and passed the test in March 2018, which formally approves the 
researcher as an ONS Accredited Researcher and grants full approval for data accessibility. 
After the approval from the UKDS, the Secure Lab was accessible through the researcher’s 
university computer based on a static IP address, which was finalised in May 2018. The 
necessary datasets were requested in the application process, and any open access data could 
be imported into the Secure Lab under approval, to be used together with the secure data (UK 
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Data Service, 2017a). The researcher cleaned and prepared the data, stored and handled all the 
data and related files in the Secure Lab. Despite the limited scope of flexibility in data 
preparation and analysis, the Secure Lab ensures low risk of harm of the data and a secure 
platform to store the data.  
The researcher has to have the full understanding of and adhere to the UKDS Secure Lab user 
agreements and guidelines to data storage, handling and requesting outputs, which is 
considered essential so that the research does not violate any ethical standards (Easterby-Smith, 
Thorpe and Jackson, 2012). The researcher was made aware of the Statistical Disclosure 
Control (SDC) where the UKDS examines the analytical outputs to ensure that they cannot be 
used by anybody to identify an individual or organisation from the data used by the researcher. 
In this thesis, where necessary, exclusion of certain data or outputs will be stated due to the 
SDC from the UKDS. In all situations, the researcher also followed the guidelines of the 
University of Surrey’s Ethics Committee. The self-assessment provided by the University was 
completed on 17 May 2017, which confirmed that this research does not qualify for further 
ethical review (refer to Appendices). 
5.6.2 Data source 
Through the UKDS, major microeconomic UK datasets from the ONS were employed to 
extract the necessary data required for this research – Table 5.8.  
Table 5.8 Summary of the data sources  
 Variable name Source* 
Labour productivity of T&H firms T&H labour productivity 
ABS 
ARD 
APS 
Degree of clustering of T&H firms location quotient 
APS Labour market pooling 
skilled labour pool 
formal entry qual 
Knowledge spillover last job in T&H 
Labour productivity of non-T&H firms non-T&H labour productivity 
ABS 
ARD 
APS 
*Data citation: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
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The datasets are available at the individual, firm/enterprise, industry and region level over time 
from 1998 to 2015. Due to a methodological break in 2005 for one of the datasets (Richard, 
2018), only panel data from 2006 to 2016 have been used in this study. Although the firms are 
anonymised in the datasets, the three datasets in Table 5.8 were linked together using individual 
enterprise and region codes. 
Annual Business Survey (ABS) and Annual Respondent Database (ARD) 
The output measure of labour productivity, GVA at basic price, was constructed by aggregating 
micro-level data from the ABS covering the period 2009 to 2015. Formerly known as the 
Annual Business Inquiry – part 2 (ABI/2), the ABS is an annual survey of businesses covering 
the production, construction, distribution and service industries, representing about two-thirds 
of the UK economy in terms of GVA. The ABS is the largest business survey conducted by 
the ONS in terms of the combined number of respondents and variables. The data are structured 
into enterprise and local units. An enterprise is the overlap business organisation, and the local 
unit can be thought of as a plant or establishment. The population of legal units is stratified by 
the Standard Industry Classification (SIC) 2007, employment and country using the 
information from the ONS’s Inter Departmental Business Register (IDBR) and stratified 
random sampling of about 62,000 businesses is used. The survey results are weighted up to the 
registered population so that they related to all the active businesses on the IDBR. Given the 
panel time period suggested is from 2006 to 2016, the ABS only covered from 2009. Data prior 
to 2008 was aggregated from ARD. This is an annual survey of businesses which has been 
combined into the Annual Business Inquiry (ABI) in 1998, a financial information survey 
conducted by the ONS. The ABI responses are held in the ARD by the ONS. The ABI is one 
of the most comprehensive UK business surveys, which samples UK firms and other 
establishments according to their employment size and industry sector. The ABI/2 was 
replaced by the ABS in 2009, and thus was used in conjunction with ABS to cover the period 
between 2006 and 2008. From 1997, data on services were stored on the ARD, increasing the 
coverage which is reflected in the number of individual business contributors to the ARD. The 
population of businesses for the survey have been drawn from the ONS IDBR which is sampled 
by the ONS using stratified random sampling, likewise with the ABS. 
In this research, data at the local unit level, which is determined by individual sites or 
workplace at which activities take place, located in England, Wales and Scotland (Great 
Britain) were used. Northern Ireland has been omitted due to poor data coverage. The 
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geographical unit of aggregating is the LAD. From 2009 to 2013, the raw data had the old four-
digit LAD codes, which needed to be standardised to the new LAD codes for analysis. The old 
codes were in total 408 and new codes were matched with the assistance of other geographical 
units (e.g. postcode), resulting in a total of 380 LADs in Great Britain. However, six island 
LAD units were excluded as they do not share any borders with another LAD unit – Isles of 
Scilly, Isle of Wight, Isle of Anglesey, Eilean Siar, Orkney Islands and Shetland Islands. The 
City of London LAD unit was also excluded due to insufficient data coverage in the context of 
the T&H sector. Henceforth, the total number of spatial units (i.e. LADs) used in the final 
analysis is 373.  
Given this research focusses on the T&H industry, the industrial classification has been 
focussed on the T&H sector codes, adopting the five-digit SIC 2007. The T&H sector codes 
followed the SIC 2007 provided by White (2016), which is based on the International Standard 
Industrial Classification of All Economic Activities presented in the International 
Recommendations for Tourism Statistics 2008 (UN, 2010, in Annex 3) – (Table A.1 in 
Appendices). For data prior to 2007 in the ARD, the industrial classification was SIC 1992, 
which needed to be standardised to the SIC 2007 for consistency. There was an issue with the 
SIC 1992 as they were four-digit codes, whereas the SIC 2007 were five-digit codes. Thus, it 
required some manual changes with some codes that caused problems with matching. It is 
important to note that the overall UK industry estimate of a variable will not equal the sum of 
all the regional estimates of that variable across the UK that this research has extracted. This 
is because when calculating the aggregate regional estimations, the UK data at the all-industry 
level is used, whereas the data used in this research has extracted data that is only related to 
T&H using the SIC 2007. After manually revising some codes to match the 1992 codes with 
the 2007 codes, the 1992 codes were converted into the 2007 codes. 
From the ARD and ABS, the GVA at basic price was used to construct the output measure of 
labour productivity. The GVA at basic prices for every T&H firms, separated by the sector 
codes, in each LAD were weighted and summed by LAD for each year. Similarly, the number 
of employees was aggregated by industry and LAD unit for each year. The GVA at basic prices 
for the non-T&H firms were constructed likewise. After aggregating the variables, from the 
ARD (year 2006 to 2008) was joined to the ABS data (year 2009 to 2016), to form the panel 
data for analysis.  
 
130 
Annual Population Survey (APS) 
The majority of the variables were constructed by aggregating individual-level data from the 
APS covering the period 2005 to 2015. The APS provides annual data that can produce reliable 
estimates at local authority levels. It comprises key variables from the Labour Force Survey 
(LFS), sampled at the local units. It covers a target sample of at least 510 economically active 
persons for each unitary authority/LAD and at least 450 in each Greater London Borough. The 
APS has the largest coverage of any household survey and allows to generate statistics for 
small spatial areas. Sampling errors are smaller compared to other social survey designs as it 
has a single stage sample of addresses, but it does not guarantee adequate coverage of any 
industry as the stratified sampling design is not industrially stratified and workers under the 
age of 16 years are not covered. Additionally, due to a substantial discontinuity in how data 
was collected in 2005, only data from 2006 have been considered. 
Similar to the previous datasets, data at the local unit level located in England, Wales and 
Scotland (Great Britain) were used. Northern Ireland has been excluded due to poor data 
coverage. The spatial unit of aggregating is LAD and from year 2006 to 2016, the raw data had 
the old four-digit LAD codes, which needed to be standardised to the new LAD codes for 
analysis. The old codes were in total 408 and new codes were matched with the assistance of 
other geographical units (e.g. postcode), resulting in a total of 380 LADs in Great Britain. 
Following to the ARD and ABS dataset, six island LAD units were excluded as they do not 
share any borders with another LAD unit, and the City of London LAD unit was excluded due 
to insufficient data coverage in the context of the T&H sector. Henceforth, 373 LADs is used 
in the final analysis. 
Given this research focusses on the T&H industry, the industrial classification is focussed on 
the T&H sector codes, adopting the five-digit SIC 2007. The T&H SIC 2007 provided by White 
(2016) was followed in this research. However, from 2006 to 2008, the SIC codes were the 
1992 version, which was standardised using the SIC 1992 and 2007 resources to match the 
codes and aggregate the final data by T&H industry overall. The SIC 1992 and SIC 2007 were 
compared and standardised based on the 2007 codes. 
For the purpose of this research, the APS data was aggregated by T&H industry and LAD unit. 
Raw data on individual qualifications, SOC (for information on job requirements and a proxy 
for labour competency and skill), sum of worked hours from the main and/or second job and 
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the SIC codes for the individual’s previous, main and second job were aggregated by industry 
and spatial unit. To construct the input variable of labour productivity, the sum of worked hours 
from the main and/or second job was averaged and then multiplied by the total number of T&H 
employees from the ABS dataset.  
For the skilled labour pool variable, the raw data of qualifications were filtered to extract the 
number of employees in T&H with NVQ level 1 to 5 or equivalent qualification(s). The 
equivalent qualifications to the five levels of NVQ are shown in Table 5.9:  
Table 5.9 Qualifications equivalent to NVQ 
NVQ Equivalent 
Level 1 CSE below grade 1; GCSE below grade C 
Level 2 O level, GCSE grade A-C or equivalent 
Level 3 A-level or equivalent; OND, ONC, BTEC National 
Level 4 Higher education certificate; BTEC Higher Nationals 
Level 5 First/Foundation degree, diploma in higher education 
Note: Certificate of Secondary Education (CSE); General Certificate of Secondary 
Education (GCSE); Ordinary National Certificate (ONC); Ordinary National Diploma 
(OND); Business and Technology Education Council (BTEC) 
Following the guidelines from City & Guild (2019) and GOV.UK (2019) and based on data 
availability, the NVQ equivalent qualifications were extracted and summed to estimate the total 
number of skilled T&H employees in each LAD.  
Table 5.10 Percentage of T&H employees by SOC 2010 
SOC 2010 Percentage of employees 
1 15.25 
2 2.27 
3 11.37 
4 6.97 
5 10.96 
6 7.56 
7 4.71 
8 10.51 
9 30.40 
N 130,955 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
In addition, the SOC 2010 one-digit codes have been aggregated to categorise jobs that require 
formal entry qualification(s) (SOC code: 1-4, 6, 7), and jobs that do not (SOC one-digit code: 
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5, 8, 9) (ONS, 2010). The percentage of T&H employees who recorded their SOC (based on a 
total of 130,955 in the whole sample) is presented in Table 5.10. These were aggregated by the 
T&H industry codes and LAD unit for each year from 2006 to 2016.  
For the knowledge spillover variables, the raw data on the SIC codes of an individual’s 
previous, main and second jobs were aggregated by T&H industry and LAD unit. Initially, the 
data was extracted separately for the number of employees who had a previous job in T&H for 
each LAD and the number of employees who current have their main and second job in T&H. 
They both suffered from missing values and thus the number of employees who had a previous 
job in T&H was summed with the latter to form a variable that includes both, which proxies 
the share of employees with tacit knowledge they have gained and/or (possibly) shared from 
their previous T&H job or either from and to their main and second job in T&H. However, in 
the final analysis, the share of employees who had a previous T&H job is only used due to the 
issue of multicollinearity between the two variables – variance inflation factor (VIF) was above 
3. Other variables of interest such as training redundancy and voluntary termination were 
accessible but due to poor data coverage, they were excluded in the final model. Missing values 
were specified and before aggregating and joining the annual datasets, any repeated 
observations were checked and removed. 
After merging the data from the ARD and ABS and with the APS, for each LAD (a total of 
373), there were 11 observations given the panel time period of 11 years (from 2006 to 2016) 
– this sums up to 4,103 observations in total. Spatial panel data was used from the global 
estimation of the spatial panel Durbin model (section 5.5.1). However, for the ESDA and local 
GWR model estimation, panel data were incompatible and so cross-sectional data was used. 
Considering the randomness of sampling used in the secondary data sources, year-on-year 
comparisons of the data and statistics can be misleading when using cross-sectional data as the 
data are not longitudinal in nature, i.e. the same enterprises or individuals did not take the 
survey every year from 2006 to 2016. Thus, year-on-year comparisons have been avoided in 
this research. To explore and investigate the spatial variations in T&H labour productivity and 
its relationship to spatial clustering and agglomeration economies, the ESDA and GWR model 
estimation were done by comparing the cross-sections (i.e. LADs) for the longest time periods 
possible, and for which this research used an 11-year interval from 2006 to 2016.  
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5.6.3 Data processing 
There were a limited number of missing values in the dataset (Table 5.11). Several attempts 
were made to fill in these values. Substantial efforts have been made to pool data from different 
sources and after aggregating the data, missing values were imputed using multiple 
expectation-maximisation (EM) imputation, under the R package ‘Amelia’ (Honaker, King and 
Blackwell, 2011), to substitute the missing values. Multiple imputation imputes m values for 
each missing cell in a data matrix and creates m completed datasets by filling in the missing 
values with a sample of values from the predictive distribution of missing data (Honaker, King 
and Blackwell, 2011). For the case of ‘Amelia’, it uses the EM bootstrapping algorithm to fill 
in the missing values. The advantages of using this package are that it delivers speedy and ease-
of-use algorithm processing and that after the imputation, the researcher can apply any 
statistical method of analysis using the complete dataset. Multiple imputation is known to 
reduce bias and increase efficiency compared to listwise deletion of missing values, and thus 
can been employed in this research. 
Table 5.11 Number of missing values per variable 
Variable Number of missing values (%) 
T&H labour productivity 13 (0.31) 
skilled labour pool 17 (0.41) 
formal entry qual 10 (0.24) 
last job in T&H 112 (2.69) 
non-T&H labour productivity 77 (1.85) 
N=4,103, n=373, T=11 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
All the variables, except for non-T&H labour productivity, are in natural logarithm (indicated 
as ‘ln()’) to analyse the casual relationship between labour productivity of T&H firms and the 
explanatory variables. This makes it easy to interpret and also improves the model fit overall. 
The data holds geographical information, which is suitable for spatial analysis. Once the 
information were coded and edited, the spatial weights matrix was calculated using Stata and 
the global model estimated was conducted using Stata (Belotti, Hughes and Mortari, 2017). 
The ESDA and local model estimations were conducted using R – the following R packages 
are the key packages used for the analysis of this research: sp (Bivand, Pebesma and Gomez-
Rubio, 2008), spdep (Bivand and Wong, 2018) and GWmodel (Gollini et al., 2015). 
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5.7 Summary  
This chapter has outlined the range of methods that this research will use to meet the research 
aim and objectives. This research will use the ESDA techniques to conduct an exploratory 
analysis of the spatial data that has been prepared from the three major micro-economic 
datasets provided by the ONS via the UKDS. This will enable to explore the spatial interactions 
and structure of the data. The spatial Durbin panel model, both static and dynamic, will be 
employed to investigate the impact of spatial clustering and agglomeration economies on the 
labour productivity of T&H firms in a spatial unit, i.e. LAD, and their spatial spillover effects 
at the global level. Then, the GWR model will be estimated to examine the spatial heterogeneity 
in the relationship between spatial clustering and agglomeration economies and labour 
productivity of the T&H industry. This chapter has also outlined the relevant variables and 
critically reviewed previous measurements and constructs of the variables, in order to explain 
the approach of this research to the selection and definition of the variables included in the 
specified models. The necessary data access has been explained, with further information 
regarding the data source and how the variables has been constructed based on the limited data 
availability and access. Lastly, the data processing and how the data was operated to estimate 
the models have been explained.  
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Chapter 6 Exploratory Spatial Data Analysis (ESDA) 
6.1 Introduction 
This chapter will present the results of an exploratory spatial data analysis (ESDA) on the 
labour productivity of T&H firms in 373 LADs in Great Britain. Prior to the econometric 
analyses, this chapter serves to provide the exploration of the spatial data and the patterns of 
interaction and/or variation which can subsequently be identified and accounted for by more 
sophisticated analyses. It also provides confirmatory information with regard to the choice of 
econometric modelling in the following chapter. In the current chapter, first, the descriptive 
statistics will be presented. Then, the spatial weights matrix will be determined to define the 
spatial interaction and structure of the data. After that the spatial weights matrix has been 
determined, the global and local spatial autocorrelation will be explored, looking at the spatial 
dependence between the LADs in terms of labour productivity of T&H firms.  
6.2 Descriptive statistics 
The descriptive statistics of the variables are presented in Table 6.1, showing the mean value, 
standard deviation (Std. Dev.) overall, between and within. The minimum and maximum 
values are excluded due to statistical disclosure control (SDC) (refer to section 5.6.1), but the 
range has been included to see the difference between the minimum and maximum values. The 
standard deviation (between) illustrates the unit-level averages for every unit, i.e. variations 
between LADs, and standard deviation (within) presents the variation over time within the 
units.  
Table 6.1 Descriptive statistics of variables (2006-2016) 
Variable Mean Std. Dev. 
Std. Dev. 
(between) 
Std. Dev. 
(within) 
Range 
T&H labour productivity 1.15 0.58 0.20 0.54 16.63 
location quotient 1.00 0.15 0.13 0.07 1.36 
skilled labour pool 2.36 0.98 0.58 0.78 7.55 
formal entry qual 1.95 0.91 0.59 0.70 7.94 
last job in T&H 1.29 0.61 0.37 0.49 5.75 
non-T&H labour productivity 2.76 0.67 0.36 0.57 9.70 
N=4,103 n=373, T=11 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
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The mean T&H labour productivity is 1.15, meaning that the average T&H labour productivity, 
measured by gross value added (GVA) per hour worked, over all 373 LADs and 11 years from 
2006 to 2016 is £1.15. Compared to the non-T&H labour productivity of £2.76, it is 
substantially lower than the rest of the economy, which supports evidence from industry and 
government research (e.g. White, 2016; People1st, 2017; Forth and Rincon-Aznar, 2018). The 
range of T&H labour productivity is also substantially larger than the non-T&H labour 
productivity, which suggests the more extreme values of labour productivity in the T&H 
industry than in the rest of the economy. Labour productivity varies more over time than 
between the LADs as the standard deviation (within) is greater than (between). It is likewise 
for the other variables, except the location quotient, which proxies the degree of clustering of 
T&H firms. The average location quotient value is 1.00, which means that degree of clustering 
within a LAD is the same as the rest of the UK. The location quotient varies more between the 
LADs than over time within the LADs, which implies that the degree of clustering is relatively 
stable over time. This can be observed in Figure 6.1, which shows a plot of the mean values of 
the variables by year. 
Figure 6.1 Plot of the mean values of variables by year (2006-2016)  
 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
As mentioned before, the location quotient does not vary much over time, being very close to 
1 on average, but the other variables show relatively more variations. It is also interesting to 
see a continuous increase in the skilled labour pool ever year. The average T&H labour 
productivity increases from 2006 to 2008, which then decreases for a year due to the 2008 
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global financial crisis (Battisti and Iona, 2009; Riley, Rincon-Aznar and Samek, 2018), and 
continues to recover from 2009 to 2015. This is likewise with the non-T&H labour 
productivity, but it does not recover to the pre-crisis levels. The drop in 2008 is sharper for the 
non-T&H sectors, but the recovery after 2009 is greater for the T&H sector. This may be 
because other sectors in the UK, i.e. bank-dependent sectors (Riley, Bondibene and Young, 
2015), would have been affected more severely than the T&H sector, despite T&H also being 
highly vulnerable to economic shocks and uncertainty. The T&H sector has been argued to be 
relatively more capable of speedy recovery from an economic crisis or shock than other sectors 
because of the strong external demand from international tourism and exchange rate flexibility 
and the indirect impacts of tourism on other sectors of the economy, such as value-chain 
suppliers and service providers, in which many developed countries fostered a return to 
economic growth (Vellas, 2011; Nicolae Jucan and Sabina Jucan, 2013). Although it is 
recognised that the resilience of the tourism industry to economic shocks can vary by country, 
region and sub-region (UNWTO & ILO, 2013).  
There is a significant drop in T&H labour productivity in 2016. There is evidence based on the 
whole economy that there has been a decrease in labour productivity in 2016 due to issues 
relating to the long-tail of unproductive businesses, the shortage of skills and regional 
disparities (Giles, 2018). However, the fall is relatively sharp compared to the non-T&H labour 
productivity in Figure 6.1. In terms of T&H, there is no evidence on such matters, but it could 
be speculated that the labour productivity of T&H could be highly vulnerable to external shocks 
such as the Brexit referendum and policy changes (Kim, Lockwood and Williams, 2019). Yet, 
further investigation is needed to seek the reasoning behind this fall in 2016. Additionally, 
technical issues around the 2016 data could have affected the results and thus further research 
using the latest dataset will be required to examine the effects further.  
Breaking down the output and input of labour productivity, the average T&H GVA and hours 
worked per year are presented in Figure 6.2 and Figure 6.3, respectively. Average GVA in 
T&H shows a dip in 2008 due to the crisis, but post-2008 there is an increase in GVA until 
2015, indicating signs of recovery in terms of GVA output. The average hours worked by T&H 
labour decreases from 2007 and 2011 and starts to recover in 2012 until it drops from 2015 to 
2016.  
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Figure 6.2 Average T&H GVA per year (2006-2016) 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
Figure 6.3 Average hours worked of T&H labour per year (2006-2016) 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
In contrast, the number of T&H employee across Great Britain in millions (Figure 6.4) 
sharply drops in 2008, which is due to the crisis causing reduced demand for labour, but 
increases sharply in 2009, and then gradually recovers. The increase in employment but low 
productivity growth could be explained by the decoupling effect due to high wage flexibility 
(Pessoa and Van Reenen, 2013a). Yet, as employees accepted the low wage growth during 
the post-crisis period, employment level recovered relatively quickly (Goldin et al., 2018). 
Despite an increase in the number of T&H employees, there is not much of an increase in the 
average hours worked. This may be explained by the temporary nature of T&H work and also 
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an increase in flexible working hours, e.g. part time, casual and zero-hour contracts, in recent 
years (Park et al., 2016; People1st, 2017). The changes in the nature of employment reinforce 
the argument of using hours worked for the measure of labour productivity in the current 
research. 
Figure 6.4 Total number of T&H employees in Great Britain (2006-2016) 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
Table 6.2 shows the mean values by country – England, Scotland and Wales – and Table 6.3 
shows the mean values by regions of England. Country variations in Table 6.2 show that the 
T&H labour productivity, location quotient, skilled labour pool and formal entry qual are 
highest in England. However, last job in T&H and non-T&H labour productivity are highest in 
Scotland. Previous research has shown strong productivity levels in Scotland (Deloitte, 2018; 
Gal and Egeland, 2018). The regions of England shown in Table 6.3 present more insights into 
the descriptive statistics of England. 
Table 6.2 Mean values of variables by country (2006-2016) 
Variable 
England 
(323) 
Scotland 
(29) 
Wales 
(21) 
T&H labour productivity 1.15 1.12 1.18 
location quotient 1.01 0.96 0.95 
skilled labour pool 2.40 2.07 2.20 
formal entry qual 1.97 1.91 1.67 
last job in T&H 1.28 1.39 1.35 
non-T&H labour productivity 2.73 2.85 3.02 
Note: N=4,103, n=373, T=11; number of observations by country in () 
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Table 6.3 Mean values of variables by regions in England (2006-2016) 
Variable 
London 
(32) 
SE 
(66) 
SW 
(36) 
E 
(47) 
NW 
(39) 
Y&H 
(21) 
NE 
(12) 
EM 
(40) 
WM 
(30) 
T&H labour productivity 1.01 1.12 1.19 1.19 1.11 1.12 1.18 1.26 1.21 
location quotient 1.09 1.05 0.96 0.98 1.00 0.98 1.01 0.99 0.98 
skilled labour pool 2.47 2.62 2.71 2.25 2.37 2.36 2.24 2.27 2.03 
formal entry qual 2.53 2.29 2.16 1.85 1.76 1.73 1.51 1.70 1.57 
last job in T&H 1.25 1.20 1.45 1.18 1.32 1.50 1.43 1.22 1.22 
non-T&H labour 
productivity 
2.91 2.64 2.85 2.61 2.88 2.80 2.91 2.91 2.69 
Note: N=4,103, n=373, T=11; number of observation by region in (); SE=South East, SW=South 
West, NE=North East, NW= North West, Y&H=Yorkshire and The Humber, EM=East Midlands, 
WM=West Midlands 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
Given the importance of T&H labour productivity of this research, the average labour 
productivity of T&H per country and regions of England has been plotted to show the 
differences – Figure 6.5 and Figure 6.6. In Figure 6.5, England has the highest productivity in 
2006 compared to the other countries, but the rest of the trend over time is fairly similar. There 
is the subsequent fall in T&H productivity after the 2008 global financial crisis, as anticipated. 
Scotland and Wales are known for their lower productivity levels compared to England when 
considering all sectors, but Figure 6.5 shows that the labour productivity of T&H in Wales is 
higher than England from 2012. This can be explained by the greater number of LADs in 
England (323) than in Wales (21) and the extreme values of England LADs that can pull down 
the average labour productivity values. This is shown in Table 6.4 (further refer to Table A.2 
in the Appendices). The minimum average T&H labour productivity in England is lower than 
in Wales, and the range is higher for England than Wales. Thus, the average T&H labour 
productivity across all the LADs within England can be lower than Wales, which can lead to 
the results shown in Table 6.2.  
Figure 6.6 presents the average T&H labour productivity per year for each region in England; 
for each region, similar trends are shown. The LADs of England show greater variation. 
London and the South East are regions of high productivity when considering the whole 
economy, but looking at T&H alone, they are lowly ranked compared to the other sub-regions 
of England. Possible reasons for this can be competition, high costs related to land and rent, 
which is reflected in the GVA measure used in labour productivity, but also high costs of input  
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Figure 6.5 National T&H labour productivity per year: England, Scotland and Wales 
 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
Table 6.4 Minimum, maximum and range of the average T&H labour productivity in each 
country and region in England 
Regions Sub-regions Minimum Maximum Range 
Scotland (29)  0.827 1.386 0.559 
Wales (21)  0.867 1.456 0.589 
England (323)  0.707 2.726 2.019 
 London (32) 0.838 1.150 0.312 
 SE (66) 0.928 1.660 0.732 
 SW (36) 0.833 2.056 1.223 
 E (47) 0.820 2.726 1.906 
 NE (39) 1.082 1.415 0.333 
 NW (12) 0.707 1.418 0.711 
 Y&H (12) 0.888 1.272 0.384 
 EM (40) 0.926 2.437 1.511 
 WM (30) 0.984 2.282 1.298 
Note: N=4,103, n=373, T=11; number of observation by region in (); 
SE=South East, SW=South West, NE=North East, NW= North West, 
Y&H=Yorkshire and The Humber, EM=East Midlands, WM=West Midlands 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
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Figure 6.6 Regional T&H labour productivity per year: regions of England 
 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
(e.g. capital and labour) in London. These can pull down the level of T&H productivity in 
London and the South East of England, especially as T&H is a low value added sector. Further 
descriptive statistics will be presented in section 6.4 with the spatial autocorrelation analysis. 
Based on the descriptive statistics so far, there are substantial differences in the data across 
time and space. The average labour productivity of T&H firms change over time similar to the 
rest of the economy, the labour market pooling variables show increase in skilled labour pools 
in T&H across the years, and the knowledge spillover variable (average share of employees in 
a LAD that has had a previous job in T&H) shows marginal fluctuations. At the country and 
regional level, the T&H labour productivity statistics were different from existing evidence on 
the productivity of the whole economy (ONS, 2016; KPMG, 2017; Deloitte, 2018; Gal and 
Egeland, 2018); London and the South East of England were the top performers of labour 
productivity when accounting for all sectors of the economy, but the descriptive statistics have 
shown that they perform less well in T&H labour productivity compared to other regions in 
England. This may relate to the high input costs and competition effects from other high wage 
sectors within London and the South East. Given the data is spatial and variations across the 
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different regions can be observed, spatial interactions within the data can be anticipated, which 
needs to be explored.  
6.3 Spatial interaction: spatial weights matrix 
There are different types of spatial weights matrices that define the spatial structure of the data 
and the neighbourhood for each spatial unit. This research applies the queen contiguity-based 
spatial weights matrix (refer to section 5.2.1.2). The matrix is specified as follows: 
 
𝑤𝑖𝑗 = {
1   , 𝑏𝑛𝑑(𝑖) ∩ 𝑏𝑛𝑑(𝑗) ≠⊘
0  , 𝑏𝑛𝑑(𝑖) ∩ 𝑏𝑛𝑑(𝑗) =⊘
 
(22) 
where 𝑤𝑖𝑗 is the standardised spatial weights matrix, and the set of boundary points of unit i is 
denoted by 𝑏𝑛𝑑(𝑖) and shared the boundary with unit j denoted by 𝑏𝑛𝑑(𝑗). 
The generated queen contiguity spatial weights matrix shows the maximum number of links 
between the LADs as 13 and an average number of links as 5 – Table 6.5. 
Table 6.5 Number of links for the queen contiguity spatial weights matrix 
Number of links Number of LADs Percent 
1 10 2.7 
2 32 8.6 
3 54 14.5 
4 64 17.2 
5 72 19.3 
6 42 11.3 
7 60 16.1 
8 23 6.2 
9 9 2.4 
10 3 0.8 
11 2 0.5 
12 1 0.3 
13 1 0.3 
Total 373 100.0 
Average number of links 5  
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
This research uses the queen contiguity spatial weights matrix as the dynamic setting of the 
spatial panel model requires a symmetrical spatial weights matrix, whereas the distance-based 
weights matrices are asymmetrical. Additionally, it would be very difficult to choose an ideal 
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distance threshold for spillovers across all LADs as the LAD administrative regions vary 
greatly across the UK. Thus, the queen contiguity spatial weights matrix is specified and used 
in the main analysis.  
However, to check for robustness and the sensitivity of the spatial weights matrix in spatial 
modelling, the k number of neighbours, a distance-based spatial weights matrix is used. As 
mentioned before, it is very difficult to determine the distance threshold, and in the case of the 
k number of neighbours matrix, the ideal number of neighbours is difficult to determine. The 
goodness-of-fit measures can be used to determine the best spatial weights matrix, but in the 
case of this research, the goodness-of-fit continually increased as the number of neighbours 
increased. Thus, the queen contiguity matrix is used in the main analysis and the k number of 
neighbours matrices are used to check for robustness. The 5 nearest neighbours (k = 5; knn5), 
which is the average number of links (Table 6.5), and 13 nearest neighbours (k = 13; knn13), 
which is the maximum number of links, will be used. These are specified as follows: 
 
𝑤𝑖𝑗(𝑘) = {
1, if 𝑑𝑖𝑗 ≤ 𝐷𝑖(𝑘)
0, if 𝑑𝑖𝑗 > 𝐷𝑖(𝑘)
 
(23) 
 
𝑤𝑖𝑗
∗ (𝑘) =
𝑤𝑖𝑗(𝑘)
∑ 𝑤𝑖𝑗(𝑘) 
 𝑓𝑜𝑟 𝑘 = 5, 13 
(24) 
where 𝑑𝑖𝑗 is the great circle distance between the centroids of LAD i and j, 𝐷𝑖(𝑘) is the cut-off 
distance defined for each LAD i above which interactions are assumed to be negligible. 𝑘 is 
the number of nearest neighbours specified in the matrix and 𝐷𝑖(𝑘) is the k
th order smallest 
distance between LAD i and j such that each LAD i has exactly k neighbours. 𝑤𝑖𝑗
∗  is the 
standardised spatial weight matrix.  
In the empirical analysis, the main specification of the spatial weights matrix will be the queen 
contiguity spatial weights matrix, and for robustness checks, the k number of neighbours 
distance-based matrix will be used. This applies to the ESDA and the spatial econometric 
modelling (Chapter 7). The explanation of component 𝑤𝑖𝑗 (or expressed as a matrix, 𝑊) can 
be found in Chapter 5 – section 5.2.2, 5.2.3, 5.5.1 and 5.5.2. 
6.4 Global spatial autocorrelation 
To estimate the global spatial autocorrelation, the Moran’s I statistics are estimated. Given the 
random sampling used by the statistical authorities in compiling the data sources (refer to 
section 5.5), a year-on-year comparison can be misleading as the data for individual firms are 
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not longitudinal in nature. Investigating the spatial variations in labour productivity can be 
done by comparing the cross-sections (i.e. LADs) for the longest time periods, which in this 
analysis uses 11-year intervals from 2006 to 2016, to see the change in labour productivity over 
the full 11 years of the data. Table 6.6 presents the Moran’s I statistics for T&H labour 
productivity change using different spatial weights matrices.  
Table 6.6 Moran’s I statistics for T&H labour productivity change 
Spatial weights matrix, W Moran’s I 
queen 0.0594** 
knn5 0.0680*** 
knn13 0.0521*** 
Note: *** indicates significance at 0.01 level, * indicates significance at 
0.05 level, * indicates significance at 0.10 level; the expected value for 
the Moran’s I statistics is constant for each W, E(I) = -0.0027 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
The statistics show that there is significant positive autocorrelation. This means that there is 
significant clustering of LADs with high labour productivity changes and also of those with 
low labour productivity changes. To check for the robustness of the results, different spatial 
weights matrices were used to calculate the Moran’s I statistics for each year – k-nearest 
neighbours, knn5 and knn13. The statistics in Table 6.6 show the same direction and statistical 
significance for the global spatial autocorrelation of labour productivity change between year 
2006 and 2016.  
To show some visual descriptive statistics, Figure 6.7 presents a map of the T&H labour 
productivity in each LAD (total of 373) in 2006. The darker the shade of blue, the higher the 
labour productivity. In 2006, despite the diversity in the values, the highest labour productivity 
can be observed in London and some pockets in the South East of England. This supports 
research that has identified the highest labour productivity levels in London and the South East 
of England (Gal and Egeland, 2018; ONS, 2018c). The map also shows high levels of 
productivity in some of the LADs in the North West and West Midlands of England, where 
there have been major efforts to increase productivity (e.g. Bailey, 2019), but lower levels of 
labour productivity change in T&H can be observed in other regions, particularly in the South 
of the East Midlands. In 2006, it is evident to see some distinctive spatial patterns, where there 
are clusters of low labour productivity areas, for example, in Scotland and Wales. Historically, 
Scotland and Wales have had lower productivity levels, in terms of the whole economy, 
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compared to England (Robinson, Carey and Blackaby, 2012). Yet, this contrast with the 
findings shown in Figure 6.5, where the average T&H labour productivity of England is not 
always the highest across the years from 2006 to 2016.  
Figure 6.7 Map of T&H labour productivity in 2006 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
Figure 6.8 presents the T&H labour productivity in each LAD in 2016. In 2016, there are 
greater spatial variations of labour productivity change across the UK, but most of the regions 
have increased labour productivity compared to 2006 as there is a higher proportion of darker 
shades of blue in 2016. Spatial patterns are more distinct in 2016 where there are clusters of 
high labour productivity in the East of England and both the East and West Midlands. This 
can be explained by strong employment growth within the East of England, but also is 
probably due to well documented efforts by partnerships between the public and private 
sectors to secure productivity enhancement and economic development within the Midlands – 
e.g. Local Enterprise Partnerships (LEPs) in the Midlands are working on strategies to 
improve productivity (Deloitte, 2018). In particular, Lincolnshire shows relatively high 
productivity levels of T&H, which supports industry-funded research that has found it to 
have its strengths in T&H (ibid.). In the North West of England, it has been found that there 
are wide variations in productivity levels within the region. In Figure 6.8, there are also 
West Midlands
London/South 
East –
e.g. Reigate and 
Banstead
North West –
e.g. Craven 
and Lancaster
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regions that have experienced a downturn in productivity, for example, the lightest shades are 
in North Yorkshire and Lancashire. This could be explained by the lack of skilled workers in 
the service sectors, which accounts for around 75% of the GVA created in the North West of 
England (Deloitte, 2018). Yet, this is not an accurate measure in relation to T&H. 
Figure 6.8 Map of T&H labour productivity in 2016  
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
The change in T&H labour productivity between 2006 and 2016 is presented in Figure 6.9, 
illustrating significant spatial variations in the labour productivity of T&H firms across the 
UK. In general, there has been an increase in labour productivity from 2006 to 2016. The 
greatest increase (in purple) was shown Lincolnshire and Essex. This confirms the strength in 
T&H productivity performance in Lincolnshire, and the relatively high productivity level 
overall in the East compared to the other regions (KPMG, 2017; Deloitte, 2018). The greatest 
decrease (in red) was in Yorkshire and some LADs in the South of London. Intra-regional 
productivity differences are shown in the South East of England, despite its high productivity 
levels overall compared to the rest of the UK. The significant spatial variations and patterns in 
the T&H labour productivity is supported by the global spatial autocorrelation measured by the 
Moran’s I statistics – Table 6.6. Significant spatial autocorrelation of 0.0594 is revealed, which 
implies the presence of spatial clustering of either high or low labour productivity changes 
across Great Britain. 
East – e.g. 
Essex, Suffolk
and Norfolk 
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Scotland – e.g. 
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Figure 6.9 Map of T&H labour productivity change between 2006 and 2016 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
An interesting finding is that London does not show significant increases in T&H labour 
productivity change from 2006 to 2016, and in Figure 6.7 and Figure 6.8, T&H labour 
productivity in London are not significantly higher than the other LADs with high T&H labour 
productivity. Possible reasoning for this could be that the T&H industry is a low value added 
industry and is made of small- and medium-sized enterprises (SMEs), which are considered as 
productivity laggards. And specifically, in 2018, an industry report highlighted that 9 in 10 
SMEs in London are struggling with their productivity (Musgrove, 2018). Thus, despite it 
having been reported that London has the highest productivity performance for the economy 
as a whole, which is highly driven by the high-value service industries, such as financial 
services and IT, it is not the strongest performer in terms of T&H labour productivity over this 
time period. This may be linked to labour market competition from high wage sectors, which 
may drive up the costs of labour, especially in London. 
It is important to acknowledge that a large number of LADs is considered in the global spatial 
autocorrelation analysis (373). The global Moran’s I estimate of the spatial association between 
the LADs across the whole dataset cannot identify local spatial clusters and associations. 
Therefore, it is necessary to utilise other means to discover local spatial associations of labour 
productivity between the LADs, which can be found in the following section 6.5. 
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6.5 Local spatial autocorrelation 
The local spatial autocorrelation has been estimated using the local indicator of spatial 
association (LISA). The local Moran’s I statistics are calculated for each of the LADs in Great 
Britain in order to identify the spatial clusters of similar or different values of T&H labour 
productivity change between 2006 and 2016, keeping consistent with the global spatial 
autocorrelation analysis. LISA statistics identify spatial clusters of positive or negative spatial 
autocorrelation and detects outliers in the data. These are presented in the forms of the Moran’s 
scatter plot; and local Moran’s I (cluster) map and significance map. 
The Moran’s scatter plot and maps show the local Moran’s I of T&H labour productivity 
change between 2006 and 2016 in  and Figure 6.11, respectively. The Moran’s scatter plot 
shows the distribution of the local Moran’s I statistics for each LAD across four quadrants in . 
The top-right (HH) quadrant shows the local regions of high labour productivity change that 
are spatially clustered together, and those on the bottom-left (LL) quadrant shows the local 
regions of low labour productivity change that are spatial clustered together. In contrast, the 
top-left (LH) and bottom-right (HL) quadrants present the regions with both high labour 
productivity and low labour productivity spatially clustered together, which indicates spatial 
dispersion. A positive global Moran’s I statistic of 0.0594, suggesting significant positive 
spatial autocorrelation, which is illustrated by the positive red slope in the scatter plot, indicates 
there are relatively more plots in the HH quadrants. This is evidence of spatial clustering of 
high labour productivity change between 2006 and 2016. However, given the points on the 
scatter plot only show the distribution of the LADs’ local Moran’s I statistics, it is difficult to 
identify specific LADs with positive and negative spatial autocorrelation. 
To explore further which regions are spatially clustered or dispersed, Figure 6.11(a) and 6.11(b) 
illustrate the positive and negative local spatial autocorrelation, and the quadrants that are 
statistically significant at the 10%, 5% and 1% level (significance map), respectively. Spatial 
patterns can be observed across Great Britain to a fuller extent in the local Moran’s I map. 
Strong positive clusters (in red) can be identified in the Northern parts of Scotland, West of 
Wales, the London area, the East and the northern parts of South West England and the North 
West of England. This means that these areas have spatial clustering of high labour productivity 
changes between 2006 and 2016. Studies that have observed all sectors of the UK economy 
have shown that Scotland’s productivity is at 99.8% of the UK average (Dunn, 2019), with  
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Figure 6.10 Moran’s scatter plot of change in labour productivity  
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
 
Figure 6.11 Local Moran’s I of labour productivity change (a) and significance map (b) 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
(a) (b) 
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strong economic performance in the food and drink, energy, financial and profession services 
and T&H. Regarding Wales, the spatial patterns are very diverse within the country possibly 
due to the lack of connectivity and accessibility between the areas (Robinson, Carey and 
Blackaby, 2012). London, East and South West of England show some spatial clustering of 
high productivity changes, which supports that these areas have strong employment and 
productivity when considering on the whole economy (KPMG, 2017; Deloitte, 2018). The 
North West has had strong partnerships between local authorities and private sectors between 
neighbouring local areas, focussing on regional economy regeneration strategies, notably in 
Greater Manchester (ibid.). This is in terms of the whole economy, but high T&H labour 
productivity change in Greater Manchester can also be observed in Figure 6.11(a). 
Additionally, considerable spatial dispersion can be observed, for example in both the East and 
West Midlands and the majority of the South West. It has been reported that these regions face 
wide productivity disparities within their regions (HM Government, 2017; KPMG, 2017; 
Deloitte, 2018). This supports the aforementioned descriptive statistics on the regional 
differences in T&H labour productivity across Great Britain.  
The significance map in Figure 6.11(b) presents LADs with local Moran’s I estimates that are 
statistically significant at the 10%, 5% and 1% level, which reveals the significant spatial 
clusters. To identify whether these are clusters are of HH, HL, LL or LH clusters, which reflects 
the four quadrants of the Moran’s I scatter plot (Figure 6.10), Figure 6.12 further illustrates the 
significant cluster map of the local spatial autocorrelation. There is no statistically significant 
LAD in the LH and HL quadrants, but there are some clusters shown by the significant LADs 
in the HH and LL quadrants. The key HH clusters are shown in the North East of Scotland, 
Lincolnshire and Essex. These are cluster of high labour productivity change between 2006 
and 2016, meaning that they had a significant increase in T&H labour productivity. One of the 
key sectors of Scotland is T&H and labour market participation is relatively high compared to 
the other Scottish regions (Skills Development Scotland, 2018), thus HH clusters can be 
identified in Scotland. As mentioned before, one of the major growth-generating industries in 
Lincolnshire is also T&H (Deloitte, 2018), and thus HH clusters can also be found in the East 
Midlands. In contrast, the LL clusters are found in Lancashire, the South East of England and 
Greater London. These patterns show clustering of low labour productivity change between 
2006 and 2016, meaning that they had a significant decrease in T&H labour productivity. 
Despite these spatial clusters, intra-regional differences in T&H labour productivity within 
regions are evident according to Figure 6.11(a). As highlighted by the government’s Industrial 
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Strategy, these regional disparities and sectoral differences are pulling down the national 
productivity level (HM Government, 2017). Place is an important aspect of productivity and 
requires more attention to narrow the labour productivity gap of the UK between other 
countries, but also of T&H between other sectors of the economy.  
Figure 6.12 Significant cluster map 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
Overall, while there are regional patterns, there are also some important intra-regional 
variations in T&H productivity. Positive spatial autocorrelation implies the presence of spatial 
clustering of T&H labour productivity across the LADs. Despite the regions with statistical 
significance being variant between the years, the results have shown some evidence that spatial 
autocorrelation exists in regard to T&H labour productivity across Great Britain. This not only 
shows that there is significant spatial dependence in the spatial data, but also supports the need 
for advanced econometric analysis which can account for such spatial interactions in the data, 
i.e. spatial econometrics.  
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6.6 Summary 
This chapter presents the findings from the ESDA, specifically the global and local spatial 
autocorrelation, which aim to identify spatial interactions in the data. Positive spatial 
autocorrelation implies the presence of spatial clustering of T&H labour productivity across 
the UK. These patterns can be identified in the Northern parts of Scotland, West of Wales, the 
London areas, the East and the upper parts of South West England and the North West of 
England. However, statistically significant clusters of high T&H labour productivity change 
are shown in Aberdeenshire, Lincolnshire and Essex, which may have resulted in T&H being 
one of the key sectors contributing to economic growth in these areas. Despite the LADs with 
statistical significance in spatial autocorrelation are small in number, the results have shown 
evidence that spatial autocorrelation exists in regard to T&H labour productivity. This supports 
the argument of the use of spatial econometrics, which can account for such spatial interactions, 
in the main analysis in the following chapter. The following chapter presents this by examining 
the impact of spatial clustering and agglomeration economies on the labour productivity of 
T&H firms in the UK using the spatial econometric approach.   
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Chapter 7 Spatial Econometrics: Spatial Panel Models 
7.1 Introduction 
This chapter will present the spatial panel model estimations of spatial clustering and 
agglomeration economies on the labour productivity of tourism and hospitality (T&H) firms in 
the UK. Discussion of the model estimates will be informed by theoretical and evidence-based 
insights. Following from the exploratory spatial data analysis, this chapter will present the 
estimations of the spatial panel models, which takes into account of the heterogeneity within 
the cross-sectional and time dimension of the panel data. The pooled regression model will be 
presented, then the non-spatial panel model. From this model, the spatial dependence of the lag 
and error will be tested to identify the existence of spatial autocorrelation within the data, which 
will further support the use of spatial econometrics, specifically the spatial Durbin panel model. 
This will illustrate the global estimation of the impact of spatial clustering and agglomeration 
economies on the labour productivity of T&H firms in the UK. Both the static and dynamic 
spatial Durbin panel models, specified in Chapter 5, will be analysed. Furthermore, a local 
estimation using the geographically weighted regression (GWR) modelling will examine the 
spatial variation in the relationship between spatial clustering and agglomeration economies 
and labour productivity between and across the spatial units, which provides further insights 
into the relationship at a local level. Results from this analysis will be presented both 
statistically and visually using maps. 
7.2 Pooled regression model  
A general regression model has been conducted to provide an overall picture of the 
relationships between the variables, before moving onto the spatial specifications. One purpose 
of running a general pooled OLS regression model is also to compare with the traditional and 
spatial panel model estimations in the following sections. Compared to any panel model, the 
pooled regression model ignores the individual (n=373) and time (T=11) effects and treats them 
as an aggregate (n × T = 4,103). 
The pooled regression model is as follows: 
 𝑌 = 𝛼 + 𝑋𝛽 + 𝜀 (25) 
where 𝑌 denotes an N × 1 vector of the dependent variable, T&H labour productivity, 𝑋 is the 
N ×  5 vectors of explanatory variables, 𝛽  represents the corresponding 5 ×  1 estimate 
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parameters and 𝜀 is a N × 1 vector of the error term. This is estimated using the OLS regression 
estimation and the results are shown in Table 7.1. 
Table 7.1 Pooled regression model estimation 
 Dependent variable: ln(T&H labour productivity) 
ln(location quotient) 
-0.176*** 
(-5.06) 
ln(skilled labour pool) 
0.162*** 
(10.07) 
ln(formal entry qual) 
-0.162*** 
(11.33) 
ln(last job in T&H) 
0.010 
(0.91) 
non-T&H labour productivity 
0.002 
(0.26) 
Observations 4,103 
R-squared 0.042 
Residual variance 0.355 
Log-likelihood -1572.58 
AIC 3157.16 
BIC 3195.07 
Note: t-values in parentheses; *** indicates significance at 0.01 level, ** indicates significance at 
0.05 level, * indicates significance at 0.10 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
The estimates show that the impact of the degree of clustering of T&H firms in a LAD is 
negative on its labour productivity. A one percent increase in the degree of clustering of T&H 
firms in a LAD will decrease the labour productivity of T&H firms in the LAD by 0.176%. A 
skilled labour pool has a significant positive impact on labour productivity of 0.162%. In 
contrast, the ln(formal entry qual) variable, which measures the share of jobs that require 
formal entry qualifications and proxies the share of high-skilled job, has a negative impact. The 
knowledge spillover variable, ln(last job in T&H), is estimated to be positive, implying an 
increase in labour productivity by 0.01% for every one percent increase in share of employees 
with a previous job in T&H, but this is statistically insignificant. Similarly, the labour 
productivity of the rest of economy, non-T&H labour productivity, shows a 0.2% increase in 
the labour productivity of T&H, but its insignificance means that the impact is unknown. The 
R-squared value of 0.042 is very low, which suggests a poor model fit and this may be due to 
omitted variables. However, given that the pooled regression model ignores the cross-sectional 
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and time dimension of the data, the results are usually incorrect as the standard errors are 
incorrect. Additionally, it fails to consider the heterogeneity within the cross-sectional 
elements. Therefore, as an alternative, a panel regression model is more appropriate. 
To check for multi-collinearity between the variables, the correlation matrix is presented in 
Table 7.2 and the variance inflation factor (VIF) test results are shown in Table 7.3. Since all 
the values are below 5, multi-collinearity is confirmed not to be an issue in the regression 
analysis.  
Table 7.2 Correlation matrix 
  (1) (2) (3) (4) (5) (6) 
(1) ln(T&H labour productivity) 1           
(2) ln(location quotient) -0.102*** 1     
(3) ln(skilled labour pool) 0.092*** 0.070*** 1    
(4) ln(formal entry qual) -0.091*** 0.117*** 0.648*** 1   
(5) ln(last job in T&H) 0.032** -0.073*** 0.145*** 0.090*** 1  
(6) non-T&H labour 
productivity 
-0.005 -0.007 -0.036** 0.011 0.102*** 1 
Note: *** indicates significance at 0.01 level, ** indicates significance at 0.05 level, * indicates 
significance at 0.10 level 
 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
 
Table 7.3 VIF test 
Variable VIF 
ln(location quotient) 1.01 
ln(skilled labour pool) 1.63 
ln(formal entry qual) 1.62 
ln(last job in T&H) 1.03 
non-T&H labour productivity 1.01 
 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
 
7.3 Non-spatial panel model: static and dynamic 
Before moving on to the spatial panel models, Table 7.4 shows the (traditional) non-spatial 
panel static and dynamic FE model estimations. There are two main approaches to fitting 
models using panel data: fixed effect (FE) and random effect (RE) models. The main difference 
between the two is how the unobserved characteristics are modelled. For FE, the individual 
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effects are fixed, whereas in the RE model, the individual effects come from a random sample 
drawn from a population, which attracts the difference between them. For both static and 
dynamic models, the Hausman test statistics are positive and statistically significant, which 
rejects the null hypothesis that the RE assumption is supported. This means that the FE model 
is preferred over the RE model. Thus, Table 7.4 only presents the FE model estimations.  
Table 7.4 FE panel model estimations 
 Dependent variable: ln(T&H labour productivity) 
 Static Dynamic 
time-lagged ln(T&H labour 
productivity) 
- 
0.400*** 
(27.48) 
ln(location quotient) 
-0.261*** 
(-5.50) 
-0.254*** 
(-3.88) 
ln(skilled labour pool) 
0.207*** 
(11.61) 
0.112*** 
(6.74) 
ln(formal entry qual) 
-0.148*** 
(-8.95) 
-0.119*** 
(-7.79) 
ln(last job in T&H) 
0.027** 
(2.06) 
0.009 
(0.78) 
non-T&H labour 
productivity 
0.004 
(0.39) 
0.055*** 
(5.91) 
Observations 4,103 3,730 
R-squared 0.038 0.273 
Residual variance 0.350 0.305 
Log-likelihood -1316.73 -658.51 
AIC 2645.47 1331.02 
BIC 2683.38 1374.59 
Hausman test 40.45*** 206.20*** 
Note: t-values in parentheses; *** indicates significance at 0.01 level, ** indicates significance at 
0.05 level, * indicates significance at 0.10 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
Looking at the model diagnostics, the R-squared values are relatively higher than the pooled 
model, but still low (Table 7.1). Other measures of goodness-of-fit are also used – residual 
variance, log-likelihood, Akaike Information Criteria (AIC) and Bayesian Information Criteria 
(BIC). Compared to the pooled model, the residual variance, AIC and BIC are lower, and the 
log-likelihood is higher. This suggests that the model fit is better using the panel regression 
model, especially the dynamic model.  
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Focussing on the dynamic model, the ln(location quotient) is negative with a smaller magnitude 
effect on T&H labour productivity of -0.254 compared to the static model. This means that a 
one percent increase in the degree of clustering decreases T&H labour productivity by 0.254%. 
The skilled labour pool has a significant positive effect, whereas the ln(formal entry qual) 
variable is significantly negative under both models. Knowledge spillover effects are also 
shown to have a positive impact on T&H labour productivity, yet it is statistically insignificant 
in the dynamic model. The static model shows a similar inference, but the knowledge spillover 
effect is significantly positive and the non-T&H labour productivity variable is statistically 
insignificant. 
However, the issue with the traditional panel model is that the spatiality of the cross-sectional 
dimension is ignored. This will have an influence on the estimations and, especially with FE 
models more sensitive to heteroskedasticity and serial correlation in the error term, this means 
that the results in Table 7.4 are incorrect due to being unable to incorporate such effects. The 
spatiality of the data is a key element in spatial data, which needs to be considered in order to 
elicit more accurate estimates.  
7.4 Test for spatial dependence of lag and error 
Before moving onto the spatial econometrics model, it is important to test for the spatial lag 
and error dependence. Firstly, tests for cross-sectional dependence in the panel model have 
been conducted. The Pesaran cross-sectional dependence (CD) test and Wooldridge test have 
been applied based on the FE model. The Pesaran CD test is centred for fixed N and T under 
the null hypothesis of cross-sectional independence and assumption that the errors are 
symmetrically distributed (Hsiao, Pesaran and Pick, 2007). The Wooldridge test is on the 
residuals of the demeaned model under the null hypothesis of no serial correlation in the 
idiosyncratic errors (Wooldridge, 2010). Both test statistics show that cross-sectional 
dependence is significant – Table 7.5. 
Table 7.5 Test for cross-sectional dependence in panel model 
 Test statistic 
Pesaran CD test 551.09*** 
Wooldridge test 58.56*** 
Note: *** indicates significant at the 0.01 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
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They show significant presence of cross-sectional dependence. Given the cross-sectional 
dimension of the data is spatial, i.e. each cross-sectional unit refers to a spatial region or unit, 
the results suggest the need to consider the spatial dimension of the data, rather than 
considering the cross-sectional data as non-spatial individual unit of data. Thus, locally robust 
Lagrange Multiplier (LM) diagnostic tests for spatial dependence were generated to confirm 
the spatial dependence, i.e. cross-sectional dependence including the spatial dimension of the 
data expressed by the queen contiguity spatial weights matrix (W=queen). These tests show 
whether the spatial dependence is on the spatially lagged dependent variable or error term. The 
results are shown in Table 7.6. 
Table 7.6 Locally robust LM test for spatial lag and error dependence 
 Test statistics 
LM test for spatial lag dependence 29.937*** 
Robust LM test for spatial lag dependence 2.936* 
LM test for spatial error dependence 27.639*** 
Robust LM test for spatial error dependence 0.638 
Note: W=queen; *** indicates significant at the 0.01 level, ** indicates significant at the 
0.05 level, * indicates significant at the 0.10 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
Both the LM tests for the spatial lag and error dependence are significant, which leads to 
looking at the robust LM test statistics. The robust LM test for spatial lag dependence is 
statistically significant at the 10% level, whereas the robust LM test for spatial error 
dependence is statistically insignificant. This supports the presence of spatial dependence on 
the lag of the dependent variable, which indicates and supports the model selection of the 
spatial Durbin panel model.  
From the analysis so far, the data show that there is significant spatial autocorrelation, which 
the traditional non-spatial panel regression or even the basic (pooled) OLS regression models 
do not take into consideration when estimated. Henceforth, spatial panel modelling is required 
to obtain more accurate estimates, which this research employs. 
7.5 Global estimation: spatial Durbin panel model 
The spatial Durbin panel model is estimated to generate the global estimation of the impact of 
spatial clustering and agglomeration economies on the labour productivity of T&H firms in all 
373 LADs in Great Britain from 2006 to 2016. The main focus of the analysis is on the FE 
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spatial Durbin panel model (SDM), but the FE spatial autoregressive panel model (SAR) is 
also included to compare the models. Both static and dynamic models have been estimated. 
Only the FE model estimations are presented in the following tables because after conducting 
the spatial Hausman test, the test statistics were positive and statistically significant, suggesting 
that the FE models are preferred over the RE models. Elhorst (2014a) stated that in spatial 
econometrics, FE models are generally more appropriate than RE models as adjacent regions 
are located in fixed areas, e.g. all regions in a country. In addition, FE models reduce the 
potential bias from unobserved variables, which should also improve the model fit. Thus, the 
main model for analysis is the FE SDM. 
7.5.1 Static spatial Durbin panel model 
The static SDM treats the spatial-specific effects as fixed effects and takes the spatial lag of 
both the dependent and explanatory variables. Observing the model diagnostics in Table 7.7, 
the SDM shows better statistics of model fit compared to the SAR. The R-squared of the SDM 
(12.4%) is greater than the SAR (4.5%); the residual variance (0.062) is smaller than the SAR 
(0.063); the log-likelihood (-297.76) is higher than the SAR (-368.56); and the AIC and BIC 
(619.52 and 695.35) are smaller than the SAR (751.13 and 795.36). These suggest that there is 
a better model fit when considering the spatial lag of both the dependent and explanatory 
variables. 
Moving on, the estimations of the impact of spatial clustering and agglomeration economies 
on the labour productivity of T&H firms are discussed. First, the direct effects of the 
explanatory variables, i.e. the effect of the variables on labour productivity within a LAD, will 
be discussed. The degree of clustering of T&H firms is negatively associated with labour 
productivity within a LAD – a statistically significant 0.242% decrease in labour productivity 
for every one percent increase in the degree of clustering. As the degree of clustering of T&H 
firms increase within a spatial area, localised competition may increase, which may constitute 
a form of agglomeration diseconomies (McCann and Folta, 2009). As the overall number of 
T&H firms increases and they locate closer together, the performance of individual firms can 
decrease due to increased competition in the markets (Baum and Mezias, 1992). Competition 
for scarce local resources, i.e. labour and land, can increase the cost of firms in a local area, 
which further causes detrimental effects on productivity (Combes and Duranton, 2006). 
However, spatial clustering may not necessarily only imply competition. Firms that cluster 
together may also benefit from cooperative behaviour via agglomeration economies or positive 
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spatial spillover effects of knowledge, for example, which can generate greater efficiency and 
productivity (Viladecans-Marsal, 2004). Shaver and Flyer (2000) also argued that asymmetric  
Table 7.7 Static spatial panel model coefficient estimations 
Dependent variable: ln(T&H labour productivity) 
Static SAR SDM 
Direct effect   
Degree of clustering ln(location quotient) 
-0.239*** 
(-4.87) 
-0.242*** 
(-4.92) 
Labour market 
pooling 
ln(skilled labour pool) 
0.087*** 
(6.68) 
0.076*** 
(5.87) 
ln(formal entry qual) 
-0.117*** 
(-9.81) 
-0.114*** 
(-9.66) 
Knowledge spillover ln(last job in T&H) 
0.008 
(0.85) 
0.008 
(0.86) 
Control variable non-T&H labour productivity 
0.007 
(0.97) 
0.015* 
(1.91) 
Spatial spillover effect   
Dependent variable W*ln(T&H labour productivity) 
0.643*** 
(54.33) 
0.607*** 
(48.24) 
Degree of clustering W*ln(location quotient)  
0.086 
(0.96) 
Labour market 
pooling 
W*ln(skilled labour pool)  
0.215*** 
(8.37) 
W*ln(formal entry qual)  
0.041* 
(1.72) 
Knowledge spillover W*ln(last job in T&H)  
0.045** 
(2.38) 
Control variable W*non-T&H labour productivity  
0.006 
(0.53) 
Model diagnostics   
 
Observations 
4,103 
(n=373;T=11) 
4,103 
(n=373;T=11) 
R-squared 0.045 0.124 
Residual variance 0.063 0.062 
Log-likelihood -368.56 -297.76 
AIC 751.13 619.52 
BIC 795.36 695.35 
 Hausman test 139.49*** 106.27*** 
Note: W=queen; *** indicates significant at the 0.01 level, ** indicates significant at the 0.05 level, * 
indicates significant at the 0.10 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
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contributions to agglomeration can also generate mixed results in the agglomeration impacts 
on productivity, which requires further investigation. Thus, T&H firms may benefit from the 
agglomerative effects which occurs when firms cluster spatially (Rosenthal and Strange, 
2003).Regarding the role of agglomeration economies in the labour productivity of T&H firms, 
the labour market pooling components show positive associations. A one percent increase in 
the skilled labour pool increases labour productivity by 0.076% and is statistically significant. 
This implies that there is a positive impact of a skilled labour pool in the LAD, measured by 
the share of T&H labour with National Vocational Qualifications (NVQs), or equivalent, on 
the labour productivity of T&H firms. A substantial literature has found a positive association 
between skilled labour pool and productivity because a denser human capital will enhance 
productivity (Rosenthal and Strange, 2001; Bathelt, 2008; Abel, Dey and Gabe, 2012) and 
because there is a higher possibility of better labour matches within a locality (Rosenthal and 
Strange, 2004). This can be evident in T&H according to the findings in Table 7.7. 
In contrast, the variable ln(formal entry qual), which proxies the share of high skilled jobs in a 
LAD, is significantly negative (-0.114) on the labour productivity of T&H. This may be 
because high skilled jobs associate with high wages, which can put pressures on productivity 
due to the high costs related to production (McCann and Folta, 2009). Two variables are used 
to proxy labour market pooling and the key difference is that the ln(skilled labour pool) variable 
attempts to proxy the share of human capital, and ln(formal entry qual) variable attempts proxy 
the share of high-skilled jobs. The results may imply that having a pool of skilled labour, which 
is diverse in terms of level of qualifications, can improve T&H labour productivity, but a high 
costs related to high-skilled jobs can actually have negative implications on productivity. 
The direct effect of knowledge spillovers on the labour productivity of the T&H firms within 
a LAD is shown to be positive but statistically insignificant. A one percent increase in the share 
of T&H employees who had a previous job in T&H will increase labour productivity by 
0.008%. Yet, there is no statistical significance, which means that the effects are unknown. 
Researchers have argued that knowledge spillovers are not uni-directional – there can be 
inflows and outflows (Mariotti, Piscitello and Elia, 2010). When firms are in spatial proximity, 
it does not mean that firms will necessarily interact with each other and also interaction does 
not always mean positive spillovers (ibid.). Firms may absorb certain knowledge, but also lose 
it, and the net balance is not always positive. Lastly, the control variable, non-T&H labour 
productivity, which controls for the local effect, is positive and statistically significant, 
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meaning that the change in T&H labour productivity within a LAD is not sector-specific but 
moves in line with the rest of the local economy. This supports the descriptive statistics (Figure 
6.1 in Chapter 6), which shows a similar trend between the average labour productivity of T&H 
and non-T&H sectors across the years from 2006 and 2016. 
The spatially lagged variables (expressed as W*variable name) estimate the indirect spatial 
spillover effects of agglomeration economies on labour productivity, but also the spatial 
spillover effects of labour productivity from one LAD to another. Since the model uses the 
queen contiguity spatial weights matrix (W=queen), neighbouring LADs are defined as LADs 
that share their borders (including the sides and edges of the shape of the LAD) with the focal 
LAD. First, the spatial spillover effect of labour productivity shows that if there is a one percent 
increase in T&H labour productivity in the neighbouring LADs, then the labour productivity 
increases by 0.607% in the focal LAD; this is statistically significant. Regions with similar 
visitor economies can attract a similar visitor market, and coupled with spatial proximity 
between the regions, this can generate significant productivity spillover effects across the 
regions (Yang and Wong, 2012). Additionally, neighbouring regions can learn from 
demonstration or imitation, where T&H firms can learn from other firms in highly productive 
regions (Hall and Williams, 2008). This also associates with knowledge spillovers which can 
induce productivity spillover effects across neighbouring regions (Capello, 2009). 
Additionally, the degree of clustering of T&H firms in a LAD is positive when considering its 
spillover effect (0.086% increase in labour productivity) but is statistically insignificant. It is 
important to acknowledge that markets can extend across more than one LAD, given LADs are 
administrative units. Yet, they have been considered as a reasonable approximations of local 
labour market areas according to UKCES (2014). Given the negative direct effect of the degree 
of clustering on T&H labour productivity within a LAD, localised market competition across 
LADs could also be anticipated across geographical boundaries.  
Regarding the spatial spillover effects of agglomeration economies, a one percent increase in 
the skilled labour pool will increase labour productivity by 0.215%, which is statistically 
significant. This suggests significant complementary effects of a skilled labour pool across 
neighbouring regions, which can boost T&H labour productivity. This is consistent with 
previous empirical studies, such as Ramos, Suriñach and Artís (2010), Melo and Graham 
(2014) and Wixe (2015). Human capital can spillover from one region to another and influence 
the neighbouring regions. Unlike the direct effect, the spatial spillover effect of ln(formal entry 
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qual) is positive (0.041%) when considering its effect across neighbouring regions. Thus, the 
spatial spillover effect of labour market pooling significantly contributes to T&H labour 
productivity growth across neighbouring LADs. Potential movements of labour across 
localities or labour markets in close proximity (Di Addario and Patacchini, 2008; Wixe, 2015), 
whether that is daily commuting or economic migration, can improve labour productivity. This 
could be because new knowledge is brought into the local area via such movement, but also as 
new people can participate in the local labour market in different ways, which can potentially 
address the issue of skills mismatch between the local regions (López-Bazo, Vayá and Artís, 
2004; Fingleton and López-Bazo, 2006; Rosenthal and Strange, 2008). Complementary effects 
of local labour markets and productivity between local regions can be generated through such 
spillover effects. 
The spatial spillover effects of knowledge are also shown to have complementary effects of 
0.045% across neighbouring LADs, unlike the direct effect which only considers the effects 
within a LAD. Based on the measure of knowledge spillover, existing literature contends that 
knowledge spillovers tend to be highly tacit in T&H, and that much of the knowledge is job-
related and highly relevant with individuals drawing insights from previous work experiences 
(Yang, 2007, 2008, 2010). Paci and Usai (1999) asserted that knowledge spillovers are not 
locally bounded but can freely move across borders, in which spatial proximity can help firms 
to process knowledge sharing and diffusion across borders, which suggests the importance of 
agglomeration economies and their effects across spatial boundaries (Coe and Helpman, 1995). 
Skilled labour from regions of higher-level productivity can also carry knowledge and skills 
into new regions, which can benefit the productivity enhancement of the new region (Yang and 
Wong, 2012). 
Positive human capital (knowledge) externalities have been confirmed by existing studies, 
suggesting that human capital in one region can also influence the neighbouring regions, 
implying regional spillover effects (Audretsch and Feldman, 2004; Møen, 2005; Ramos, 
Suriñach and Artís, 2010; Huang and Zhang, 2017). Knowledge can spillover locally and 
globally, which also influences the degree of impact on productivity. Bathelt, Malmberg and 
Maskell (2004) studied the difference between intra- (within a cluster) and extra- (between 
clusters) cluster knowledge. A local buzz (intra-cluster) allows opportunities for a variety of 
spontaneous situations where firms can interact closely to tackle them, and global pipelines 
(inter-cluster) allow individual firms to establish knowledge-enhancing relations to firms 
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external to the local milieu, and knowledge can spillover to other firms in extra-cluster through 
a local buzz (Greunz, 2003; Jacob and Groizard, 2007; LeSage and Pace, 2009). This could 
explain the significant positive impact of knowledge spillovers between LADs.  
Amongst the SDM estimations, there is a contrasting effect between the direct and spatial 
effect. Regarding the direct effect of ln(formal entry qual) variable of -0.114, an increase in the 
share of high skilled jobs within a LAD will reduce the labour productivity of T&H firms 
within the same locality. In contrast, in terms of its lagged term, i.e. spatial spillover effects of 
ln(formal entry qual) is 0.041 and statistically significant. Thus, when we consider the spatial 
effects, it is complementary in productivity enhancement amongst the neighbouring LADs via 
a spatial feedback loop. A spatial feedback loop was introduced by LeSage and Pace (2009) 
where a one region impacts another and vice a versa, and even further than the next 
neighbouring regions and back to the focal region. It measures the average effect of the change 
in the explanatory variable on the dependent variable from the focal region to the neighbouring 
regions and back. These marginal effects are important because the direct coefficients of spatial 
models are often interpreted incorrectly as if they are simple partial derivatives (Golgher and 
Voss, 2016) – refer to Chapter 5 (section 5.2.1.2 and 5.5.1). Henceforth, when interpreting the 
coefficients of the SDM, theses marginal effects are crucial to interpreting the direct and 
indirect (spatial spillover) effects of the variables correctly.  
Table 7.8 presents the impact measures of the static FE SAR and SDM. For the static models, 
only the long-run impact measures are estimated; the long-run effects imply the effects on Y 
at time T, as it goes to infinity, of a change in X (Doran and Fingleton, 2018). For the dynamic 
models, both the long-run and short-run impact measures are estimated (section 7.5.2). The 
direct effect measures the average effect of the change in explanatory variable (X) on the 
dependent variable (Y), including the feedback via the neighbouring LAD and back to the focal 
LAD. The direct effects in Table 7.8 are larger than the direct effect coefficient estimates 
presented in Table 7.7, which means that positive spatial feedback effects exist from passing 
through the neighbouring LADs and back to the focal LAD. The direct effects of the variables 
are similar to the coefficient estimates, but the direct effect of knowledge spillovers is 
statistically significant under the impact measures. This means that an increase in the share of 
employees who have had a previous job in T&H in the neighbouring LADs increases the T&H 
labour productivity in the focal LAD. Given the coefficient estimates of the spatial model tend 
to be incorrectly interpreted (Golgher and Voss, 2016), it can be argued that the direct effect 
166 
measure under the impact measures is more accurate. Thus, this supports the positive effects 
of intra-cluster knowledge exchange on firm innovation (Bathelt, Malmberg and Maskell, 
2004), which can ultimately influence T&H labour productivity. 
Table 7.8 Impact measures: direct, indirect and total effects (static) 
Static SAR SDM 
Long-run Direct effect 
ln(location quotient) -0.269*** 0.251*** 
ln(skilled labour pool) 0.097*** 0.123*** 
ln(formal entry qual) -0.131*** -0.118*** 
ln(last job in T&H) 0.009 0.017* 
non-T&H labour productivity 0.008 0.017*** 
 Indirect effect 
ln(location quotient) -0.398*** -0.131 
ln(skilled labour pool) 0.144*** 0.615*** 
ln(formal entry qual) -0.194*** -0.066 
ln(last job in T&H) 0.013 0.121*** 
non-T&H labour productivity 0.011 0.036 
 Total effect 
ln(location quotient) -0.667*** -0.382 
ln(skilled labour pool) 0.241*** 0.738*** 
ln(formal entry qual) -0.324*** -0.184*** 
ln(last job in T&H) 0.022 0.138*** 
non-T&H labour productivity 0.019 0.054** 
Note: W=queen; *** indicates significant at the 0.01 level, ** indicates significant at the 0.05 level, * 
indicates significant at the 0.10 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
The indirect effect measures the average effect of the change in X of the focal LAD on the Y 
of neighbouring LAD or X of neighbouring LAD on the Y of the focal LAD. The indirect 
effects are only statistically significant for the variables ln(skilled labour pool) and ln(last job 
in T&H). These effects are greater in magnitude compared to the coefficient estimates in Table 
7.7, but here the effect of ln(formal entry qual) on T&H labour productivity is statistically 
insignificant. Yet, the spatial spillover (indirect) effects of agglomeration economies (both 
elements of labour market pooling and knowledge spillovers) are significantly present on the 
labour productivity of T&H firms. This can help enhance labour allocation and matching across 
a wider geographically boundary, and subsequent labour movement can enact significant 
knowledge spillovers across these boundaries. This can suggest potential regional productivity 
growth via agglomeration economies in the T&H industry. 
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The total effect is the sum of the direct and indirect effect, which therefore measures the 
average effect of the change in X of the focal LAD on the Y of all the focal and neighbouring 
LAD. The effects are statistically significant except for the degree of clustering. Despite the 
indirect effect of ln(formal entry qual) being statistically insignificant, the total effect shows 
significance. This may suggest both complementary and competition effects of labour market 
pooling across neighbouring LADs. The high costs related to high-skilled jobs and the high 
labour mismatch, which T&H firms struggle to tackle, can be observed here (McCann and 
Folta, 2009). Nevertheless, the share of skilled labour (proxied by NVQs) show a larger 
positive effect on T&H labour productivity. 
The key outcomes of the static SDM estimations are that the increase in the degree of clustering 
of T&H firms has had negative effects on labour productivity of T&H firms within a LAD but 
also across neighbouring LADs and back. This is possibly due to the fierce competition related 
to spatial proximity and increase in rivalry as the clustering increases in density. Labour market 
pooling variables have shown some partial positive effects regarding the pool of skilled labour 
but the effects on productivity where negative in terms of the share in high-skilled jobs. The 
high costs related to high-skilled jobs and the difficulties with recruitment and retention may 
reflect this negative impact. However, when considering the spatial spillover effects of labour 
market pooling across neighbouring LADs, they are significantly positive, implying the 
complementary effects of labour market pooling on productivity of T&H across regions. 
Knowledge spillover effects on labour productivity of T&H firms within a LAD were 
insignificant, but when considering its spatial spillover effects, the effects were 
complementary, suggesting the importance of human capital externalities and their spillover 
effects across geographical boundaries. Yet, based on the marginal effects, the direct, indirect 
and total effect of knowledge spillovers were significantly positive on T&H labour 
productivity.  
7.5.2 Dynamic spatial Durbin panel model 
The dynamic SDM is proposed to capture the dynamic structure of clustering and its effects on 
the labour productivity of T&H firms. This is an extension to the static SDM, and it includes 
the time-lagged dependent variable in addition to other explanatory variables. This means that 
both spatial and temporal effects of clustering and agglomeration economies on the T&H 
labour productivity can be examined. Table 7.9 presents the estimations of the dynamic FE 
SAR and SDM are estimated – using the queen contiguity spatial weights matrix (W=queen).  
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Table 7.9 Dynamic spatial panel model coefficient estimations 
Dependent variable: ln(T&H labour productivity) 
Dynamic SAR SDM 
Time-lagged effect ln(T&H labour productivity) 
0.284*** 
(22.03) 
0.266*** 
(20.18) 
Direct effect   
Degree of clustering ln(location quotient) 
-0.247*** 
(-4.73) 
-0.248*** 
(-4.72) 
Labour market pooling 
ln(skilled labour pool) 
0.049*** 
(3.66) 
0.049*** 
(3.65) 
ln(formal entry qual) 
-0.101*** 
(-8.24) 
-0.102*** 
(-8.41) 
Knowledge spillover ln(last job in T&H) 
0.003 
(0.32) 
0.004 
(0.43) 
Control variable non-T&H labour productivity 
0.030*** 
(4.00) 
0.023*** 
(2.79) 
Spatial spillover effect   
Dependent variable W*ln(T&H labour productivity) 
0.507*** 
(34.78) 
0.485*** 
(32.11) 
Degree of clustering W*ln(location quotient)  
0.036 
(0.38) 
Labour market pooling 
W*ln(skilled labour pool)  
0.120*** 
(4.45) 
W*ln(formal entry qual)  
0.018 
(0.72) 
Knowledge spillover W*ln(last job in T&H)  
0.072*** 
(3.85) 
Control variable W*non-T&H labour productivity  
0.046*** 
(3.67) 
Model diagnostics   
 
Observations 
3,730 
(n=373;T=10) 
3,730 
(n=373;T=10) 
R-squared 0.313 0.405 
Residual variance 0.066 0.065 
Log-likelihood -149.75 -110.57 
AIC 315.50 247.15 
BIC 365.30 328.06 
 Hausman test 139.49*** 106.27*** 
Note: W=queen; *** indicates significant at the 0.01 level, ** indicates significant at the 0.05 level, * 
indicates significant at the 0.10 level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
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Compared to the static model, the dynamic model diagnostics have improved, with a higher R-
squared and log-likelihood values, and lower residual, AIC and BIC values. This suggests that 
the model fit is better when taking into consideration the dynamic structure over time, and thus 
the research hypothesis will be tested based on the dynamic SDM. Additionally, similar to the 
static model, the model diagnostics show better model fit for the SDM than the SAR. The R-
squared of the SDM (40.5%) is greater than the SAR (31.3%); the residual variance (0.065) is 
smaller than the SAR (0.066); the log-likelihood (-110.57) is higher than the SAR (-149.75); 
and the AIC and BIC (247.15 and 328.06) are smaller than the SAR (315.50 and 365.30). This 
further supports the importance of including the spatial lags of the explanatory variables.  
Controlling for the time lag of T&H labour productivity, the results of the dynamic model are 
different from the static model. The time-lagged coefficient indicates a significant increase in 
labour productivity by 0.266% after controlling for the previous influence of labour 
productivity of T&H. This suggests that there are significant temporal effects on the labour 
productivity. Looking at the direct effects in Table 7.9, the direction of the coefficients and 
statistical significance are the same as the static model (Table 7.7). The degree of clustering of 
T&H firms is negatively associated with T&H labour productivity within a LAD – a 
statistically significant 0.248% decrease in T&H labour productivity in relation to a one percent 
increase in the degree of clustering of T&H firms within a LAD. This rejects hypothesis 1. The 
agglomeration economies variable shows that a one percent increase in the skilled labour pool 
increases labour productivity by 0.049% and is statistically significant, supporting hypothesis 
2a. In contrast, the variable ln(formal entry qual) is significantly negative in its relationship to 
T&H labour productivity: a one percent increase in the share of high-skilled jobs decreases 
labour productivity by 0.102%. This rejects hypothesis 2b. The effect of knowledge spillovers 
on T&H labour productivity within a LAD is shown to be positive but statistically insignificant. 
A one percent increase in the share of T&H employees who had a previous job in T&H will 
increase labour productivity by 0.004%, but there is no statistical significance, which means 
that the effects are unknown. This rejects hypothesis 3. These results are similar to the direct 
coefficient effects of the static model. The magnitudes are marginally different, yet the 
dynamic SDM estimations show that the influence of the degree of clustering and labour 
market pooling are not stationary, i.e. these variables exert instantaneous implications of labour 
productivity of T&H within a LAD after controlling for the previous effects of labour 
productivity. In contrast, there are insignificant changes in the labour productivity in relation 
to the change in knowledge spillovers, which implies that they are stationary in nature.  
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In terms of the (indirect) spatial spillover effects, significant spillover effects of T&H labour 
productivity are evident. If there is a one percent increase in T&H labour productivity in the 
neighbouring LADs, then the T&H labour productivity will increase by 0.485% in the focal 
LAD. This supports hypothesis 4. Given this model takes into account the time dimension, it 
suggests that these spatial spillover effects of labour productivity can occur across regions and 
time. The degree of clustering of T&H firms is positive but statistically insignificant; likewise, 
in the static SDM estimation. The effects of labour market pooling are statistically significant 
and time variant; a skilled labour pool in the neighbouring LADs has significant positive effects 
on the labour productivity of T&H firms of the focal LAD, supporting hypothesis 5a. Yet, the 
ln(formal entry qual) variable is statistically insignificant, which rejects hypothesis 5b. The 
spillover effect of knowledge across neighbouring regions is also statistically significant and 
positive. This supports hypothesis 6. These are similar to the static model. Furthermore, the 
results of the dynamic SDM also support existing empirical studies that have argued the 
benefits of agglomeration economies for productivity (Duranton and Puga, 2004; Rosenthal 
and Strange, 2004; Yang and Wong, 2012; Peiró-Signes et al., 2014). Both effects of the 
control variable are positive and significant, which implies that the productivity changes are 
not sector specific. 
However, as mentioned in the previous section, the coefficient estimates of the spatial models 
can be misleading and thus the marginal impact measures are needed to interpret the spillover 
effects more accurately. Table 7.10 presents the impact measure for the dynamic models. In 
the dynamic model, both the short-run and long-run effects are estimated. The short-run effects 
imply the effects of the change in X on Y at time t (Doran and Fingleton, 2018). Consistent 
with theory, the long-run effects are larger than the short-run effects because it takes time for 
the benefits of agglomeration to be developed within a cluster as it flows through different 
firms and entities (Henderson, 1997; Combes, 2000). In addition, regarding the supply-side 
agglomeration, researchers have argued that the value of agglomeration grows over time 
(McCann and Folta, 2009). With increasing influences of technological advancement and other 
external factors, agglomeration effects and benefits can increase with the rising knowledge-
based competitive environment. Additionally, with the need to improve productivity, 
innovation is at the core but T&H has relatively low levels of innovation (Hall and Williams 
2008). Yet, one of the major strengths of supply-side agglomeration is facilitating innovation 
and knowledge accumulation. Thus, over time, T&H cluster can improve if firms endeavour to 
use and operationalise the benefits of agglomeration. 
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Table 7.10 Impact measures: direct, indirect and total effects (dynamic) 
Dynamic SAR SDM 
Long-run Direct effect 
ln(location quotient) -0.409*** -0.378*** 
ln(skilled labour pool) 0.083*** 0.112*** 
ln(formal entry qual) -0.167*** -0.155*** 
ln(last job in T&H) 0.005 0.028* 
non-T&H labour productivity 0.050*** 0.050*** 
 Indirect effect 
ln(location quotient) -0.786*** 0.483 
ln(skilled labour pool) 0.159*** 0.566*** 
ln(formal entry qual) -0.321*** -0.181* 
ln(last job in T&H) 0.010 0.281*** 
non-T&H labour productivity 0.096*** 0.226*** 
 Total effect 
ln(location quotient) -1.195*** -0.861* 
ln(skilled labour pool) 0.241*** 0.679*** 
ln(formal entry qual) -0.488*** -0.335*** 
ln(last job in T&H) 0.015 0.309*** 
non-T&H labour productivity 0.146*** 0.275*** 
Short-run Direct effect 
ln(location quotient) -0.267*** -0.261*** 
ln(skilled labour pool) 0.054*** 0.068*** 
ln(formal entry qual) -0.109*** -0.107*** 
ln(last job in T&H) 0.003 0.014 
non-T&H labour productivity 0.033*** 0.031*** 
 Indirect effect 
ln(location quotient) -0.239*** -0.154 
ln(skilled labour pool) 0.048*** 0.259*** 
ln(formal entry qual) -0.098*** -0.055 
ln(last job in T&H) 0.003 0.135*** 
non-T&H labour productivity 0.029*** 0.102*** 
 Total effect 
ln(location quotient) -0.505*** -0.415** 
ln(skilled labour pool) 0.102*** 0.328*** 
ln(formal entry qual) -0.206*** -0.162*** 
ln(last job in T&H) 0.006 0.149*** 
non-T&H labour productivity 0.062*** 0.133*** 
Note: W=queen; ***p < 0.01, **p < 0.05, *p < 0.1. 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
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The marginal effects of the dynamic model are larger than the static model (refer to Table 7.8). 
Looking at the long-run effects, like the static model, the direct effects are larger than the 
coefficient estimates of the SDM, which suggest significant positive spatial feedback effects 
in the dynamic model. All the explanatory variables are statistically significant, which suggests 
significant implications of agglomeration economies when taking account of both the spatial 
and temporal dimension of the data. Interestingly, different from the static model, the indirect 
effects of agglomeration economies are all statistically significant in the dynamic SDM.  
These imply that the spatial spillover effects of agglomeration economies are significant. 
Again, for labour market pooling variables, ln(skilled labour pool) is positive but the ln(formal 
entry qual) is negative, suggesting the adverse implications of high labour costs of high-skilled 
jobs on productivity within a LAD but also across neighbouring LADs. Yet, the magnitude of 
the ln(skilled labour pool) variable is greater than ln(formal entry qual); both complementary 
and competition effects of labour market pooling across neighbouring LADs can be suggested, 
similar to the static model. The total effect of ln(skilled labour pool) is larger than the negative 
ln(formal entry qual) variables, which can indicate that a pool of skilled labour can improve 
labour productivity in T&H. Furthermore, consistently, knowledge spillovers effects are 
positive and statistically significant.  
In comparison to the static model, the dynamic model can generate short-run marginal effects. 
Focussing on SDM, the results are slightly different from the long-run effects. The direct 
effects are the same except for the knowledge spillover variable, which is positive but 
statistically insignificant. However, the short-run indirect effects of knowledge spillover is 
statistically significant and larger in magnitude than the direct effect; thus, the total effect of 
knowledge spillovers on T&H labour productivity is significantly positive. The ln(formal entry 
qual) variable is, in contrast, significant in the direct effect but not in the indirect effect. Yet, 
the total effects is significantly negative on T&H labour productivity. Both the short-run and 
long-run total effects show the same implications, in general, yet the long-run effects allow the 
full direct and indirect spillover effects to be realised. 
Lastly, to investigate the robustness of the spatial weights matrix and the overall estimation 
results, additional spatial panel models using alternative spatial weights matrices have been 
estimated. There are two main types of spatial weights matrices: contiguity-based and distance-
based (Getis and Aldstadt, 2004). Previous spatial panel models have used the queen contiguity 
spatial weights matrix (W=queen), and for robustness, the distance-based spatial weight 
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matrix, k-nearest neighbour, will be used (refer to section 5.2.1.2). Given the average and 
maximum number of links based on the queen contiguity matrix, 5 nearest neighbour 
(W=knn5) and 13 nearest neighbour (W= knn13) are be used (refer to section 6.3). The model 
estimations are presented in Table 7.11.  
Table 7.11 Spatial panel model estimations using different spatial weights matrix 
Dependent variable: ln(T&H labour 
productivity) 
W=knn5 W=knn13 
 Static Dynamic Static Dynamic 
Time-lagged 
effect 
ln(T&H labour 
productivity) 
- 
0.242*** 
(18.86) 
- 
0.165*** 
(12.82) 
Direct effect     
Degree of 
clustering 
ln(location quotient) 
-0.248*** 
(-5.15) 
-0.248*** 
(-4.86) 
-0.250*** 
(-5.51) 
-0.244*** 
(-5.00) 
Labour market 
pooling 
ln(skilled labour pool) 
0.069*** 
(5.47) 
0.044*** 
(3.38) 
0.039*** 
(3.27) 
0.030*** 
(2.37) 
ln(formal entry qual) 
-0.108*** 
(-9.31) 
-0.098*** 
(-8.24) 
-0.102*** 
(-9.36) 
-0.098*** 
(-8.58) 
Knowledge 
spillover 
ln(last job in T&H) 
0.010 
(1.05) 
0.006 
(0.67) 
0.005 
(0.60) 
0.004 
(0.39) 
Control 
variable 
non-T&H labour 
productivity 
0.003 
(0.45) 
0.014* 
(1.75) 
0.004 
(0.51) 
0.010*** 
(1.24) 
Spatial spillover effect     
Dependent 
variable 
W*ln(T&H labour 
productivity) 
0.657*** 
(51.59) 
0.543*** 
(35.14) 
0.774*** 
(54.45) 
0.700*** 
(40.57) 
Degree of 
clustering 
W*ln(location quotient) 
0.081 
(0.82) 
0.117 
(1.07) 
0.167 
(1.28) 
0.103 
(0.69) 
Labour market 
pooling 
W*ln(skilled labour 
pool) 
0.214*** 
(8.01) 
0.131*** 
(4.69) 
0.293*** 
(7.99) 
0.153*** 
(3.93) 
W*ln(formal entry qual) 
0.006 
(0.23) 
-0.009 
(-0.34) 
0.032 
(0.85) 
0.020 
(0.50) 
Knowledge 
spillover 
W*ln(last job in T&H) 
0.016 
(0.80) 
0.044** 
(2.11) 
0.041 
(1.37) 
0.072*** 
(2.29) 
Control 
variable 
W*non-T&H labour 
productivity 
0.022* 
(1.90) 
0.055*** 
(4.31) 
0.034*** 
(2.54) 
0.053*** 
(3.56) 
Model diagnostics     
 
Observations 
4,103 
(n=373;T=11) 
3,730 
(n=373;T=10) 
4,103 
(n=373;T=11) 
3,730 
(n=373;T=10) 
R-squared 0.151 0.340 0.237 0.361 
Residual variance 0.059 0.062 0.522 0.056 
Log-likelihood -204.81 -27.74 114.64 178.91 
AIC 433.63 81.48 -205.28 -398.82 
BIC 509.46 162.40 -129.45 -317.90 
 Spatial Hausman test 129.14*** 63.11*** 
Note: *** indicates significant at the 0.01 level, ** indicates significant at the 0.05 level, * indicates significant at the 0.10 
level 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
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Based on the spatial Hausman test, the FE model are preferred over RE model and thus the FE 
SDM estimations using W=knn5 and W=knn13 are presented. The results are very similar to 
those of the FE SDM estimations using W=queen (Table 7.7 and Table 7.9), which highlights 
the robustness of the results.  
In summary, the global estimations have shown significant impacts of agglomeration 
economies on the labour productivity of T&H firms within a LAD, but also across 
neighbouring LADs. Both complementary and competition effects of agglomeration 
economies were identified, supporting the theoretical literature on agglomeration (e.g. Porter, 
1998a; Peiró-Signes et al., 2014). Moreover, through the impact measures, the long-run 
marginal effects of agglomeration economies are greater than the short-run effect on the labour 
productivity of T&H firms within and across neighbouring regions. This suggests the need to 
take a long run perspective on how agglomeration economies affect T&H labour productivity 
within a region but also across neighbouring regions. As McCann and Folta (2009) have stated 
that supply-side agglomeration increases its value as a cluster over time. In reality, both 
positive and negative externalities of agglomeration exist but, for the net effect on productivity 
to be positive, the agglomeration economies need to outweigh the diseconomies and localised 
competition between neighbouring firms and regions (Baum and Mezias, 1992; Yang, 2012).  
7.6 Local estimation: geographically weighted regression model 
The global estimation presents the average effects across all the observations, which does not 
capture the local effects. The local estimation is conducted using the GWR analysis. The 
traditional OLS regression (section 7.2) does not take into account the different effects across 
the local regions (in this research, these are LADs), which reduces the accuracy of the model 
by averaging the effects across the regions. In contrast, the GWR model takes into account 
these local differences between the regions, and thus has been conducted to estimate the local 
estimation of the impact of spatial clustering and agglomeration economies on T&H labour 
productivity. In comparison to the global estimation, the GWR is incompatible for panel data 
and so the longest difference in year interval will be used, similarly to the exploratory spatial 
data analysis (Chapter 6) – from 2006 to 2016. This is appropriate in the context of this research 
as year-on-year comparisons can be misleading due to the randomness in the sampling of the 
secondary data sources (refer to section 5.6.2). Thus, investigating the spatial variations in 
T&H labour productivity and the relationship between spatial clustering and agglomeration 
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economies can be done by estimating the GWR model using the cross-sections (i.e. LADs) for 
the 11-year time interval.  
The local estimation is a process to estimate the impact of spatial clustering and agglomeration 
economies on the labour productivity of T&H firms for each LAD, which generates 373 sets 
of coefficients in total. The sets include the minimum, quartiles, median and maximum values 
of each estimated coefficient across 373 LADs. This means that the analysis runs the regression 
model for each cross-sectional unit (which totals up to the observation number in the Figures), 
and then generates the minimum, quartiles, median and maximum values amongst the 
estimated coefficients of each variable from the regression models. Due to statistical disclosure 
control (SDC), the constant values have been removed. As highlighted in section 5.5.2, the 
specification of the local spatial weights matrix is key to the local estimation. Based on the 
corrected AIC (AICc), a Gaussian kernel function with an adaptive bandwidth is chosen for 
the GWR (refer to section 5.5.2). Table 7.12 shows the AICc against the corresponding number 
of neighbours, which have inferred the optimal number of nearest neighbours as 168 (it had 
the lowest AICc). 
Table 7.12 AICc against number of nearest neighbours 
Adaptive bandwidth 
(number of nearest neighbour) 
AICc value 
238 200.2969 
155 199.6557 
103 202.5724 
186 199.6881 
134 200.1962 
166 199.6011 
175 199.6052 
162 199.6225 
170 199.5495 
171 199.5835 
168 199.5428 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
Based on the 168 number of nearest neighbours, the GWR model was estimated. Table 7.13 
presents the minimum, quartiles, median and maximum values of each estimated coefficient 
across 373 LADs. The findings show there is significant spatial heterogeneity in the 
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relationship between spatial clustering and agglomeration economies and T&H labour 
productivity.  
Table 7.13 GWR model estimation 
 Minimum 
1st 
Quartile 
Median 
3rd 
Quartile 
Maximum 
Direct effect      
ln(location quotient) -0.188 -0.130 -0.108 -0.090 -0.058 
ln(skilled labour pool) 0.047 0.053 0.065 0.069 0.072 
ln(formal entry qual) -0.113 -0.092 -0.067 -0.057 -0.051 
ln(last job in T&H) 0.014 0.025 0.048 0.061 0.066 
non-T&H labour productivity 0.009 0.015 0.022 0.031 0.034 
Spatial spillover effect      
W*ln(T&H labour productivity) -0.024 0.031 0.132 0.232 0.254 
W*ln(location quotient) -0.159 -0.085 -0.034 -0.018 0.074 
W*ln(skilled labour pool) -0.046 -0.021 -0.015 -0.011 -0.004 
W*ln(formal entry qual) -0.097 -0.088 -0.074 -0.061 -0.033 
W*ln(last job in T&H) 0.014 0.027 0.048 0.051 0.057 
W*non-T&H labour productivity -0.040 -0.025 -0.021 -0.009 0.004 
Model diagnostics  
Observations 373 
Adaptive bandwidth 168 (number of nearest neighbours) 
R-squared 0.104 
Residual variance 32.90 
AICc 199.54 
Moran’s I for regression residual 0.064 (p=0.03) 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
For the direct effect, all the variables are consistent in terms of the direction of the coefficient 
estimations. The degree of T&H firm clustering is consistently negative on labour productivity 
across all LADs. The ln(skilled labour pool) and ln(formal entry qual) are positive and 
negative, respectively. The knowledge spillover variables and the control variable are positive 
consistently across the LADs. These are consistent outcomes with the global estimations. 
However, the magnitudes of the coefficients are different, which shows spatial heterogeneity 
in the relationship between those variables and T&H labour productivity within a LAD. 
In contrast, the spatial spillover effects show greater spatial variations in the local correlation 
between the variables, from negative to positive. The spatial spillover effects have been 
visually mapped in Figure 7.1. First, the spatial spillover effect of T&H labour productivity 
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varies from -0.024 to 0.254; based on the median and quartile values, there are more LADs that 
have positive spatial spillover effects of labour productivity. The ln(labour productivity) map 
shows that the negative spillover effects of T&H labour productivity are in the South East and 
London areas. This may be because of the competition in the labour markets in these regions 
from other high wage sectors, which can drive up the wage cost within the local economy, but 
also the relatively higher costs in general compared to other regions across England. This 
contrast with other studies that show London and the South East regions as being the highest 
performers of productivity in the UK, but these studies did not account for the spillover effects 
(Deloitte, 2018; Gal and Egeland, 2018). Yet, most of the spillover effects are positive as you 
move further away from the London and South East of England, for example in the North of 
England. The degree of clustering also ranges from negative to positive, but only a small 
number of LAD show positive effects of the degree of clustering on T&H labour productivity. 
These areas are shown in Scotland in the map titled ln(location quotient) in Figure 7.1. The 
strongest negative spatial spillover effects of the degree of clustering is in the West Midlands.  
Unlike the direct effects, both labour market pooling variables are negative on the T&H labour 
productivity in terms of its spillover effect, yet the negative effects are smaller in magnitude 
for ln(skilled labour pool). This could be explained by the limited number of workers available 
in the neighbouring LADs and also the movement of educated labour to neighbouring LADs, 
causing negative effect on T&H labour productivity in the focal LAD (Olejnik, 2008). Fischer 
et al. (2009) investigate the effects of human capital on labour productivity difference among 
European regions and found negative spillover effects of human capital on productivity despite 
the positive direct effects. This may imply that changing human capital levels across all regions 
may have little or no impact on average labour productivity levels, and rather it is the relative 
regional advances in human capital that have greater potential to enhance labour productivity 
levels. In the maps presented in Figure 7.1, the negative spillover effects are strongest in 
Scotland and North of England, whereas as you go south into England, the spillover effects 
become weaker in magnitude. 
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Figure 7.1 GWR model estimation: spatial spillover effects 
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Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018)  
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Knowledge spillover effects are consistently positive across the LADs, ranging from 0.014 to 
0.057, where the strongest spillover effects are in London, the South East and East of England 
(Figure 7.1). The variable, ln(last job in T&H), measures the share of employees in a LAD that 
have had a previous work experience in T&H, the movement of knowledgeable labour in these 
area may improve T&H labour productivity in the local regions. Based on the descriptive 
statistics (refer to Table 6.3), these areas have large shares of skilled labour, and with the share 
of workers with T&H work-experience, their movement can positively influence T&H labour 
productivity across neighbouring LADs. Moreover, the spillover effects weaken as you go 
north, which may suggest the distance-decay effect in the regional spillovers (Capello, 2009).  
Lastly, the non-T&H labour productivity levels show spatial variations in terms of the spillover 
effects on T&H labour productivity. This means that the non-T&H labour productivity change 
in the neighbouring LAD affects the T&H labour productivity change of the focal LAD. With 
only a small cluster of LADs in the East of England having positive spillover effects of non-
T&H labour productivity, the rest of the UK reveal negative spatial patterns. As the direct 
effects were positive, this can suggest that the changes in labour productivity are locally bound, 
i.e. specific to the local economy. Overall, the GWR model estimations have revealed the non-
stationary spatial relationship between agglomeration economies and labour productivity of 
T&H firms across the UK. 
To reduce the effect of outliers in GWR, the robust GWR model is also estimated – Table 7.14. 
This re-fits the GWR with a filtered dataset that removes observations that correspond to large 
residuals of an initial GWR fit (Harris, Fotheringham and Juggins, 2010; Gollini et al., 2011). 
The robust GWR model estimations show similar outcomes from the original GWR model, 
except the magnitude of the coefficient estimates differ, so the major differences will be 
analysed. For the direct effect, all the variables have the same direction across all LADs, yet 
the magnitude differs, which again show a level of spatial heterogeneity in the local 
correlations between spatial clustering and agglomeration economies and labour productivity 
of T&H firms within each LAD.  
The spatial spillover effects show some differences from the original GWR model estimations 
as the outlier effects have been reduced. Figure 7.2 illustrates the spatial spillover effects in 
maps, similarly to the original GWR model estimation. The spatial patterns for the spillover 
effects of T&H labour productivity is similar to Figure 7.1, with negative coefficients for 
London and the South East regions but further north, spillover effects become positive.  
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Table 7.14 Robust GWR model estimation 
 Minimum 
1st 
Quartile 
Median 
3rd 
Quartile 
Maximum 
Direct effect      
ln(location quotient) -0.284 -0.236 -0.206 -0.186 -0.158 
ln(skilled labour pool) 0.049 0.061 0.064 0.067 0.073 
ln(formal entry qual) -0.124 -0.110 -0.082 -0.063 -0.058 
ln(last job in T&H) 0.021 0.035 0.062 0.075 0.079 
non-T&H labour productivity 0.003 0.007 0.014 0.022 0.026 
Spatial spillover effect      
W*ln(T&H labour productivity) -0.118 -0.062 0.037 0.137 0.169 
W*ln(location quotient) -0.086 -0.062 0.037 0.137 0.169 
W*ln(skilled labour pool) -0.014 0.030 0.035 0.048 0.069 
W*ln(formal entry qual) -0.109 -0.097 -0.084 -0.073 -0.053 
W*ln(last job in T&H) 0.016 0.034 0.046 0.052 0.060 
W*non-T&H labour productivity -0.051 -0.042 -0.039 -0.031 -0.019 
Model diagnostics  
Observations 373 
Adaptive bandwidth 168 (number of nearest neighbours) 
R-squared 0.086 
Residual variance 33.58 
AICc 207.31 
Moran’s I for regression residual 0.064 (p=0.03) 
Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018) 
The degree of clustering variable also shows a similar spatial pattern with T&H labour 
productivity. Yet, compared to Figure 7.1, the patterns are slightly different when the outlier 
effects have been reduced. The spatial spillover effects of ln(skilled labour pool) show different 
results from the original GWR model. Before, these effects were negative across all the LAD, 
but based on the robust estimation, the local relationship varies from negative to positive. In 
Figure 7.2, positive spillover effects can be observed in England, especially in the West 
Midlands and its neighbouring regions, and negative effects are found in Scotland and the 
North of England. These are similar to the patterns in Figure 7.1. In addition, ln(formal entry 
qual) also shows similar negative spillover patterns with the original GWR model estimation. 
For knowledge, the spatial spillover effects are positive for all LADs. Strong positive effects 
are identified in London and the neighbouring regions around London. Spatial spillover effects 
become weaker as you north, which is also similar to Figure 7.1.  
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Figure 7.2 Robust GWR model estimation: spatial spillover effects 
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Source: ONS (2012, 2018a) and ONS. Social Survey Division (2018)  
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London and the South of England have shown to have high levels of degree-qualification 
attainment, whereas in the rest of the UK, the access to skilled labour is challenging across the 
UK (based on the whole economy), coupled with high labour mismatch regarding the skills 
available to and required by the employers (KPMG, 2017; Gal and Egeland, 2018). Arguably, 
this is because of the lack of readiness of young employees, whether that is straight from 
secondary school or university level (Deloitte, 2018). The variable ln(skilled labour pool) is 
based on the vocational qualification and the results have shown positive change in the areas 
of low degree qualification attainment, and vice a versa. Thus, work experience, apprenticeship 
and vocational training schemes can be considered better to enhance labour matching within 
the locality, especially in T&H (British Hospitality Association, 2017; KPMG, 2017; 
People1st, 2017). This can also contribute to the accumulation of relevant tacit knowledge and 
thus human capital, a crucial resource for T&H businesses, which can enhance knowledge 
spillovers. 
Overall, the local estimations using GWR modelling have shown significant spatial variations 
in the relationship between spatial clustering and agglomeration economies and labour 
productivity of T&H firms in the UK. This supports the argument by Martin et al. (2017) that 
the agglomeration economies and localised increasing returns may benefit firms to a greater 
degree in some cities than others. The spatial patterns of the direct effects at the LAD level 
have shown spatial variations, which reflect the global direct effect coefficient estimations 
analysed in section 7.5. Interesting spatial patterns have been captured in the spatial spillover 
effects. Based on the robust GWR model estimations, it can be inferred that the spatial patterns 
for the spillover effects of T&H labour productivity are negative in London and the South East 
regions whereas other regions show positive spillover effects. The agglomeration economies 
variables show spatial heterogeneity: for the share of skilled labour pool, positive spillover 
effects can be identified in the West and East Midlands, the West, South, South East and East 
of England and London. In contrast, for the share of high-skilled jobs which associates with 
high wages, the spatial spillover effects on T&H labour productivity are negative, but weaker 
effects are identified in the Southern parts of England. Knowledge spillover effects are positive 
across the UK, being especially significant in the London and its neighbouring regions, and the 
further you move from those regions, the weaker the spatial spillover effects of knowledge on 
T&H labour productivity. London and the South East and East of England are known to be the 
top three performers in aggregate productivity (including all sectors of the economy) (Deloitte, 
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2018; Gal and Egeland, 2018), and evidence is supported in terms of skilled labour pooling 
and knowledge. Yet, in contrast, the spatial spillover effects of T&H labour productivity across 
neighbouring LADs are negative in these regions. Henceforth, it is important to examine T&H 
separate from the whole economy due to its distinctive nature. 
7.7 Summary 
This chapter has presented and analysed the spatial panel model estimations of spatial 
clustering and agglomeration economies on the labour productivity of T&H firms in the UK. 
Both the static and dynamic SDM were analysed and the proposed research hypotheses were 
tested based on the dynamic SDM as the model diagnostics suggested that the dynamic SDM 
is better than the static SDM. Table 7.15 summarises the results of the hypothesis testing, 
aligned with its relevant research objective (refer to section 4.2). 
Table 7.15 Summary of the hypotheses testing 
Objectives Hypotheses Supported? 
1 
H1. The higher the degree of clustering of T&H firms in a spatial 
unit, the higher the labour productivity of T&H firms in a spatial 
unit. 
No 
2 
H2a. The higher share of skilled T&H employees (defined by 
employees with NVQ level 1-5 or equivalent qualification(s)) in 
a spatial unit, the higher the labour productivity of T&H firms in 
a spatial unit. 
Yes 
2 
H2b. The higher share of T&H employees with jobs that require 
formal qualification(s) for entry (proxy for high-skilled jobs) in a 
spatial unit, the higher the labour productivity of T&H firms in a 
spatial unit. 
No 
2 
H3. The higher share of employees who have had a previous job 
in T&H in a spatial unit, the higher the labour productivity of 
T&H firms in a spatial unit.  
No 
3 
H4. The labour productivity of T&H firms in a spatial unit is 
significantly associated with the labour productivity of T&H 
firms in the neighbouring spatial units. 
Yes 
4 H5a. The share of skilled T&H employees (defined by employees 
with NVQ level 1-5 or equivalent qualification(s)) in a spatial unit 
Yes 
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is significantly associated with the labour productivity of T&H 
firms in neighbouring spatial units. 
4 
H5b. The share of T&H employees with jobs that require formal 
qualification(s) for entry (proxy for high-skilled jobs) in a spatial 
unit is significantly associated with the labour productivity of 
T&H firms in neighbouring spatial units. 
No 
4 
H6. The share of employees who have had a previous job in T&H 
in a spatial unit is significantly associated with the labour 
productivity of T&H firms in neighbouring spatial units. 
Yes 
Source: Author (2019) 
Despite the negative impact of the degree of T&H firms clustering in a LAD on the T&H labour 
productivity within that LAD, the effects of agglomeration economies have resulted in 
complementary (positive) and competition (negative) effects, supporting the theoretical 
literature on agglomeration (e.g. Porter, 1998a; Peiró-Signes et al., 2014). Additionally, the 
spatial spillover effects of T&H labour productivity and agglomeration economies were 
significant. Based on the dynamic SDM, the long-run marginal effects of agglomeration 
economies were found to be greater than the short-run effect on the labour productivity of T&H 
firms within and across neighbouring regions. This suggests the need to take a long run 
perspective on how agglomeration economies affect T&H labour productivity within a region 
but also across neighbouring regions. Furthermore, the local estimation using the GWR 
modelling examined the spatial variation of the relationship between spatial clustering and 
agglomeration economies and labour productivity between and across the LADs, which 
provides further insights on the relationship at a LAD level. Spatial patterns were visually 
presented and significant spatial variations at the LAD level were identified.  
The above results support the importance of agglomeration economies on the labour 
productivity of T&H firms and their spillover effects in the UK. This research has provided 
empirical evidence of the implications of spatial clustering and agglomeration economies for 
T&H labour productivity using spatial econometric modelling. This highlights the importance 
of location and proximity between T&H firms and the opportunities for firms to take advantage 
of the possible agglomeration economies within their local region and beyond. The following 
chapter will elaborate on the significance and contributions of the current research.  
187 
 
Chapter 8 Conclusion 
8.1 Introduction 
The current research has investigated the impact of spatial clustering and agglomeration 
economies on the labour productivity of tourism and hospitality (T&H) firms in the UK using 
spatial econometric modelling. An initial exploration of the spatial data was done via 
exploratory spatial data analysis (ESDA) in Chapter 6, which confirmed the significant spatial 
autocorrelation in the data, justifying the use of spatial econometric modelling. Using spatial 
panel modelling (Chapter 7), the research first examined the impact of the degree of clustering 
of T&H firms on their labour productivity within a local authority district (LAD), and then the 
impact of agglomeration economies – labour market pooling and knowledge spillovers – on 
T&H labour productivity within a LAD (direct effects). The (indirect) spatial spillover effects 
were also estimated: first, estimating the spillover effect of T&H labour productivity across 
neighbouring LADs, and then, the agglomeration economies on T&H labour productivity 
across neighbouring LADs. Moreover, this research has also conducted a local estimation to 
examine the spatial variations and patterns of the relationship between spatial clustering and 
agglomeration economies and T&H labour productivity at the local level (i.e. LAD level) using 
geographically weighted regression (GWR) modelling. To the best of the researcher’s 
knowledge, this research is one of the first attempts, in the T&H context, to estimate such 
spatial relationship at the local level. 
This final chapter will summarise the key findings of this research, with a view to articulating 
the significance and the theoretical, methodological and managerial implications of the current 
research. Furthermore, the limitations of the current research will be discussed, leading to the 
last section on the recommendations for future research. 
8.2 Summary of key findings 
This research has empirically tested the concept of spatial clustering, specifically Marshall’s 
agglomeration economies, and measured the degree to which T&H firms are functionally 
correlated and spatially clustered across the UK at the local level. T&H clusters have been 
bounded by an explicit spatial unit (defined here by LAD) and the spatial clustering was 
investigated using the ESDA. This is an important step to confirm the existence of spatial 
autocorrelation and heterogeneity in the data which further validates the use of spatial 
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econometric and GWR modelling to achieve the research aim and objectives and test the 
research hypotheses, which will be outlined after the summary of the ESDA findings. The key 
findings under the ESDA were: 
• Global spatial autocorrelation was estimated using the global Moran’s I statistic. Using 
the queen contiguity spatial weights matrix to define a neighbour, the global Moran’s 
statistic showed significant positive results. Positive spatial autocorrelation implies the 
presence of spatial clustering of T&H labour productivity across the UK.  
• Local spatial autocorrelation was also estimated to discover the local associations of 
T&H labour productivity at the LAD level. Using the local Moran’s I statistic and 
plotting the local statistics on a scatter plot, cluster and significance map, spatial 
clustering of T&H labour productivity was identified in the northern parts of Scotland, 
West of Wales, the London areas, the East and the upper parts of South West England 
and the North West of England. While there were regional patterns, there were also 
some important intra-regional variations in T&H productivity.  
• The number of LADs with statistical significance regarding spatial autocorrelation 
were relatively small, but the results have shown some evidence that spatial 
autocorrelation exists in regard to T&H labour productivity across the UK. This 
supports the argument of the use of spatial econometrics, which can account for some 
of the determinants of such spatial interactions. 
The current research aimed to investigate the impact of spatial clustering of T&H firms on the 
labour productivity of T&H in the UK, which was broken down into five research objectives: 
1. To examine the impact of the degree of clustering of T&H firms on their labour 
productivity within a spatial unit. 
2. To analyse the impact of agglomeration economies – labour market pooling and 
knowledge spillovers – on the labour productivity of T&H firms within a spatial unit. 
3. To estimate the spatial spillover effects of labour productivity of T&H firms on the 
neighbouring spatial units. 
4. To estimate the spatial spillover effects of agglomeration economies on the labour 
productivity of T&H firms in the neighbouring spatial units. 
5. To examine the spatial variations and patterns of the labour productivity of T&H firms, 
and their relationship with agglomeration economies. 
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The relevant research hypotheses have been summarised in section 7.7. 
To achieve research objectives 1 to 4, spatial econometric modelling identified the significance 
of spatial clustering and agglomeration economies on the labour productivity of T&H firms in 
the UK. Spatial panel modelling was used, and both the static and dynamic spatial Durbin panel 
models were estimated. Both models showed similar results in terms of the significance and 
direction of the parameter estimated. The key findings are as follows: 
• Research objective 1: An increase in the degree of clustering of the T&H firms in a 
LAD decreased the labour productivity of T&H firms in the LAD. Possible 
explanations include the fierce localised competition related to spatial proximity and 
increase in rivalry as the clustering increases in density (McCann and Folta, 2009). 
• Research objective 2: Yet, the impact of agglomeration economies, specifically labour 
market pooling and knowledge spillovers, on T&H labour productivity within a LAD 
were positive. Two measures were used to examine the effects of labour market 
pooling. The share of skilled labour pool, proxying the share of T&H human capital in 
a LAD, resulted in significant positive effects on T&H labour productivity, but the 
share of high-skilled jobs in a LAD resulted in negative effects. This may be associated 
with the high costs of skilled labour and high skills mismatch in the T&H industry, 
which can have adverse effects on labour productivity. Knowledge spillover effects on 
the labour productivity of T&H firms within a LAD were insignificant. However, based 
on the impact measures, the direct effects of knowledge spillovers were significantly 
positive on T&H labour productivity. This supports previous studies in both tourism 
(Yang, 2007; Shaw and Williams, 2009; Yang and Wong, 2012) and non-tourism 
literature (Bathelt, Malmberg and Maskell, 2004; Rosenthal and Strange, 2008). 
• The impact measures are important as they capture spatial feedback loop effects and 
measure the average effect of the change in the explanatory variable on the dependent 
variable from the focal region to the neighbouring regions and back (LeSage and Pace, 
2009). These are crucial in interpreting the nature of the spillover effects (Golgher and 
Voss, 2016). The dynamic spatial Durbin panel model generated both long-run and 
short-run impact measures (Doran and Fingleton, 2018). 
• Research objective 3: In terms of the spatial spillover effects, the T&H labour 
productivity of neighbouring LADs had significant positive effects on the T&H labour 
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productivity of the focal LAD. This suggests potential regional productivity growth via 
agglomerative effects.  
• Research objective 4: The spatial spillover effects of agglomeration economies were 
also evident. The spatial spillover effects of labour market pooling were significantly 
positive (e.g. López-Bazo, Vayá and Artís, 2004). Similar to the direct effects, the 
spatial spillover effects of the share of high-skilled jobs were negative. Knowledge 
spillovers across neighbouring LADs were also positive and statistically significant, 
suggesting the importance of knowledge in T&H labour productivity. The impact 
measures were also consistent. 
• Based on the dynamic SDM impact measures, the long-run marginal effects of 
agglomeration economies were greater than the short-run effect on the labour 
productivity of T&H firms within and across neighbouring regions. This suggests that 
it is important for researchers to engage with the dynamic nature of clusters, as well as 
adopting a long run perspective on how agglomeration economies affect T&H labour 
productivity not only within a region but also across neighbouring regions. It is 
important to realise the full direct and (indirect) spatial spillover effects.  
To examine the spatial variations in the relationship between spatial clustering and 
agglomeration economies and T&H labour productivity (research objective 5), the GWR model 
was estimated to examine the local correlations. The key findings of the local model estimation 
are as follows: 
• Significant spatial variations in the relationship between spatial clustering and 
agglomeration economies and labour productivity of T&H firms in the UK were 
identified within the LAD, but also across neighbouring LADs. 
• Regarding the direct effects, the degree of T&H firm clustering was consistently 
negative on T&H labour productivity across all LADs. The ln(skilled labour pool) and 
ln(formal entry qual) were positive and negative, respectively, and knowledge 
spillovers were shown to have positive effects on T&H labour productivity 
consistently across the LADs. Yet, the range in the coefficient magnitude showed 
spatial heterogeneity in these direct effects. 
• Regarding the spatial spillover effects, the spatial variations were greater than the 
direct effects. The ln(labour productivity) variable showed negative spillover effects 
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of T&H labour productivity between the LADs in the South East and London areas, 
and moving further away from these areas, the spillover effects became positive. The 
spatial spillover effects of labour market pooling on T&H labour productivity were 
negative across the LADs, but in the robust GWR model estimation, positive spillover 
effects were inferred for skilled labour pools. The spatial spillover effects of 
knowledge were positive on T&H labour productivity across neighbouring LADs at 
the local level. 
• These findings infer that the impact of spatial clustering and agglomeration economies 
on the labour productivity of T&H firms varies across different LADs and regions, 
suggesting the need for place-based strategies of productivity enhancement in the UK 
T&H industry. 
8.3 Significance and implications 
From the literature review (Chapter 2 and Chapter 3), significant research gaps were identified, 
which this research has attempted to address. First, in addressing the low level of labour 
productivity of T&H firms, there are minimal studies that take an external (to the firm) 
approach, especially the spatial distribution or concentration of firms. Existing T&H studies 
have examined different factors of the spatial distribution of firms (e.g. Li et al., 2015; 
Majewska, 2015; Chhetri et al., 2017) and the impact of agglomeration on firm performance 
(e.g. Capone, 2015a; Marco-Lajara, Claver-Cortés, et al., 2016b), but there is very limited 
research on how spatial clustering can impact on T&H labour productivity. 
Second, the literature on tourism clusters and agglomeration economies is very limited, despite 
clusters occurring via market forces in tourist destinations. The impact of agglomeration 
economies in the T&H industry is largely assumed by the presence of spatial clustering, and 
the real effects are unknown. Some empirical studies that include elements of agglomeration 
economies in the context of hotel location or performance show significant results (e.g. Marco-
Lajara, Claver-Cortés and Úbeda-García, 2014; Yang, Luo and Law, 2014; Marco-Lajara, 
Zaragoza-Saez, et al., 2016), but their methodological weaknesses suggest uncertainty in the 
results. Hence, there is no theoretical or applied T&H research that explores agglomeration 
economies which can generate labour pools and knowledge spillover effects (supply-side 
agglomeration) that can potentially influence the labour productivity of T&H firms.  
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Third, there is a lack of evidence of spatial spillover effects on the labour productivity of T&H 
firms and agglomeration economies on a spatial level. Theory suggests that productivity, 
human capital externalities and knowledge in a cluster or local region can spillover to 
neighbouring regions, potentially generating regional growth (López-Bazo, Vayá and Artís, 
2004; Fingleton and López-Bazo, 2006; e.g. van Oort, 2007; Ke, 2010; Ramos, Suriñach and 
Artís, 2010; Yang and Wong, 2012). However, there has been no concrete empirical study in 
the context of the T&H industry that reveals such spatial spillover effects. 
Fourth, most T&H cluster research is qualitative (e.g. Michael, 2003; Hall, 2005; Weidenfeld, 
Butler and Williams, 2010; Weidenfeld, Williams and Butler, 2014) and there is no specific 
study using a quantitative methodology. Quantitative studies on T&H clustering exist, for 
example, Chhetri et al. (2017) and Majewska (2015), but these studies do not analyse its impact 
on T&H labour productivity. Empirical research regarding the operationalisation of 
agglomeration economies and how it impacts on T&H labour productivity is lacking.  
Identifying these research gaps, the current research has conducted substantial empirical 
modelling to fill in these gaps. A number of theoretical, methodological and practical 
implications can be drawn from the findings of this research, which the following sub-sections 
will present. 
8.3.1 Theoretical implications 
This research has addressed the gap in the T&H literature in terms of the operationalisation of 
agglomeration economies. The general effects of agglomeration on regional (tourism) 
development has been studied in the past (e.g. Jackson and Murphy, 2006; Novelli, Schmitz 
and Spencer, 2006; Santos Estêvão and Ferreira, 2009), and some empirical studies have 
included some elements of agglomeration economies (e.g. Marco-Lajara, Claver-Cortés and 
Úbeda-García, 2014; Yang, Luo and Law, 2014; Marco-Lajara, Zaragoza-Saez, et al., 2016). 
However, to the researcher’s best knowledge, there is no theoretical or applied research that 
has examined agglomeration economies in T&H, especially focussing on how labour market 
pooling and knowledge spillovers can influence T&H labour productivity and the (external) 
locational or regional dimension of productivity. Thus, this current research theoretically 
contributes to the T&H scholarship in terms of investigating the impact of spatial clustering 
and agglomeration economies on the labour productivity of T&H firms. 
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Specifically, previous research has argued the positive effects in the degree of clustering of 
employment or businesses within a region on labour productivity. In the T&H literature, it is 
contended that co-locating with existing firms can improve the firm’s productivity and chances 
of survival (Kalnins and Chung, 2004; Yang, Wong and Wang, 2012). The performance of 
businesses and labour is argued to be better in clusters, and the denser the tourism cluster, the 
more benefits the firms get from local collaborative activities within the cluster (Yang, 2012). 
Negative implications of clustering were found in non-T&H studies, and due to the lack of 
research on clustering and productivity in general in the T&H scholarship, extant findings have 
been inconclusive. Yet, in the current study, it has been found that as the degree of clustering 
of T&H firms within a region increases, the labour productivity of these firms decreases 
significantly. This may be related to the increase in localised competition as the level of 
clustering increases or due to subsequent increases in input prices due to such competition 
effects within a region (McCann and Folta, 2009). This contradicts existing theoretical thinking 
in the T&H literature on clustering and productivity.  
The research on the impact of agglomeration economies on T&H labour productivity has also 
made contributions to existing theory. Theory suggests that a skilled labour pool has a positive 
effect on productivity (e.g. Rosenthal and Strange, 2001; Overman and Puga, 2008; Abel, Dey 
and Gabe, 2012), and the findings of this research confirm that this applies to the T&H sector. 
However, when considering the share of high-skilled jobs within a region and its implications 
on labour productivity, it was expected that it improves the productivity as high-skilled jobs 
relate to better level of skills and knowledge as they require formal entry qualifications, which 
the variable used in this research proxies. However, the results have identified negative effects 
on T&H labour productivity. This could suggest the effects of the high costs of high-skilled 
jobs in the T&H industry on its productivity or the possible effects of labour poaching within 
the region or industry (Combes and Duranton, 2006), which has not been studied in much depth 
in the T&H literature. Yet, it can also reflect the issue of skills mismatch, which is a huge 
concern because of the large skills gap within the UK T&H industry. These findings contribute 
to the agglomeration economies literature as there are minimal previous studies and these have 
inconclusive results in the context of T&H. 
Furthermore, this is the first substantial study that examines the spatial spillover effects of 
agglomeration economies and labour productivity across regions in T&H studies. Regional 
growth and convergence have been studied in the macro-context of tourism; for example, Yang 
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and Fik (2014), Li et al. (2016), Yang, Fik and Zhang (2017) have examined the relationship 
between tourism flow and income at a national level. However, despite the importance of 
regional productivity and growth in the T&H industry, there has been no study of the spillover 
effects of supply-side agglomeration economies and labour productivity in T&H (Yang and 
Wong, 2012). This research contributes towards such theorisation by estimating the spatial 
spillover effects of agglomeration economies and labour productivity across local regions, with 
empirical findings supporting the significance of spatial spillover effects to regional 
productivity growth in the UK T&H industry.  
The assumed positive relationship between spatial clustering and agglomeration economies 
and labour productivity in T&H has been challenged through this research showing that spatial 
clustering and agglomeration economies are not uniform in nature but instead are highly 
variable in their effects on T&H labour productivity across space, both between and within 
regions. This research has started to show the importance of spillover effects and agglomeration 
economies for productivity improvements at the sectoral and regional level. 
8.3.2 Methodological implications 
This research is one of the first to apply spatial econometric modelling to analyse the impact 
of spatial clustering and agglomeration economies on T&H labour productivity. Different 
methods of analysis have been employed in previous studies on spatial clustering. Literature 
from the mainstream economic geography show that a large proportion of studies have used 
Ordinary Least Squares (OLS) regression analysis to test causal relationships with spatial 
clustering and/or agglomeration economies and productivity or other measures of economic 
performance (e.g. Rosenthal and Strange, 2001; Rigby and Essletzbichler, 2002; Amiti and 
Cameron, 2007; Ellison, Glaeser and Kerr, 2010; Marco-Lajara, Claver-Cortés, et al., 2016b). 
This is also similar to the T&H literature. OLS is popularly used despite the problem of 
endogeneity; thus, subsequent instrumental variables are employed to account for endogeneity. 
Logistic regression analysis is also popular amongst the mainstream literatures (e.g. Kalnins 
and Chung, 2004; Yang, Wong and Wang, 2012; Adam and Mensah, 2014; Li et al., 2015; Luo 
and Yang, 2016; Puciato, 2016). Analysis of Variance (ANOVA) is commonly found too in 
the T&H literature where it is used to compare hotels in tourism clusters and their performance 
influenced by cluster effects (e.g. Segarra-Oña, Miret-Pastor and Verma, 2012; Peiró-Signes 
et al., 2014; Capone, 2015a; Segarra-Oña, Peiró-Signes and Verma, 2015). OLS, logistic 
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regression and ANOVA have been used for a long time in the T&H discipline, whereas this 
research has shown the value of adopting a relatively new method of analysis when it comes 
to research using spatial data – spatial econometrics (e.g. Cainelli, Leoncini and Montini, 2007; 
Capone and Boix, 2008; Yang and Wong, 2012; Chhetri et al., 2017; Majewska, 2017).  
Spatial econometrics accounts for spatial autocorrelation which is important as a failure to do 
so will produce bias or inefficient parameter estimates (Arbia, 2014). In the absence of spatial 
autocorrelation, the traditional OLS linear regression model can be used. However, when it is 
present, as the residuals are not independent from each (one of the key assumptions of OLS), 
OLS regression is not acceptable (Tu, 2006). Previous studies using OLS regression analysis 
on spatial data have used instrumental variables to account for the problem of endogeneity and 
spatial autocorrelation (e.g. Mion and Naticchioni, 2009; Andersson and Loof, 2011), but 
spatial econometrics tends to be more powerful as it overcomes the limitations of the traditional 
linear regression models in their ability to analyse aggregated spatial data and account for 
spatial dependence (Chhetri et al., 2017). Such advanced econometric modelling can estimate 
spatial spillover effects (Yang and Wong, 2012; Chhetri et al., 2017), which is a one of the 
objectives of this current research. Using spatial econometric modelling to investigate the 
impact of spatial clustering and agglomeration economies on T&H labour productivity not only 
within a spatial unit, but also across neighbouring spatial units, represents a significant 
methodological contribution to T&H research.  
In addition, to the best of the researcher’s knowledge, this is the first attempt in T&H 
productivity research of utilising under-exploited micro-level datasets from the Office for 
National Statistics (ONS), the UK’s largest independent producer of official statistics related 
to the economy, population and society at the national, regional and local level (ONS, 2019a). 
Access to the datasets was through the UK Data Service (UKDS), which provides users with 
optimal and flexible access to a wide range of data to facilitate high quality social and economic 
research (UK Data Service, 2017b). Through the UKDS, major microeconomic UK datasets 
from the ONS were employed to extract the necessary data required for this research – Annual 
Business Survey, Annual Respondent Database and Annual Population Survey. These datasets 
are available at the individual, firm, industry and region level over time, which can be utilised 
by T&H researchers. This research linked large sets of firm level and individual level data, 
which was then aggregated by the T&H sector codes and spatial unit (LAD) to conduct the 
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data analysis. This is a significant advantage as it is difficult to collect large amounts of data 
via surveys at the individual and firm level across a country at the sub-region or local level. 
However, the researcher had to gain access to these datasets via the UKDS ‘Secure Lab’. Data 
collection, preparation and analysis could only be done in the Secure Lab because the secure 
data cannot be downloaded or exported externally and used in an alternative platform or setting. 
To gain access to these secure datasets, the researcher must hold the ONS Researcher 
Accreditation and have the research proposal approved by the ONS Microdata Release Panel 
(ONS, 2019b). This required the researcher to formally register to the UKDS, which manages 
the Approved Researcher scheme to govern access to ONS data, and complete the Accredited 
Researcher application form and research proposal form and apply to the UKDS (UK Data 
Service, 2017a). Perhaps due to these barriers, T&H researchers have not explored such 
datasets. Yet, this current research has explored, used and demonstrated the value of under-
exploited micro-level datasets, which enabled the operationalisation of agglomeration 
economies and to research T&H labour productivity in alternative ways compared to the extant 
mainstream literature, which mostly relied on more aggregate secondary data or cross-sectional 
survey data at firm level.  
Regarding labour market pooling, the traditional approach of proxying skills has been to use 
general education or degree qualifications. However, given that the T&H jobs are mostly low-
skilled and vocational, this meant that a substantial amount of jobs do not require a formal 
higher education degree qualification. Thus, this research has adopted vocational qualifications 
as a proxy for skills instead (refer to section 5.5.4.3), and significant results were inferred. 
Regarding knowledge spillovers, as the knowledge in T&H is strongly tacit in nature, the 
movement of experienced workers can be suggested to represent a major channel of knowledge 
sharing and spillovers. Owing to the privileged access to the micro-data set, the knowledge 
spillover variable was constructed appropriately and directly (Yang, 2010). Previous studies 
have relied on the surrogate measure such as the nearest distance to a tourism institute or 
research centre (e.g. Marco-Lajara, Claver-Cortés, et al., 2016b), which does not necessarily 
proxy knowledge spillovers (refer to section 5.5.4.4). Moreover, the availability of panel data 
allowed this research to estimate both static and dynamic spatial panel models to gain a better 
understanding of the impact of agglomeration economies on T&H labour productivity across 
space and time. Therefore, utilising the UKDS ‘Secure Lab’ to access micro-level (firm and 
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individual) datasets that can extract T&H sector data based on local geographical units 
demonstrates significant methodological contributions to the existing scholarship. 
8.3.3 Practical implications 
There are a number of practical implications that can be drawn from this research. The sectoral 
dimension of the productivity problem in the UK was highlighted in the recent Industrial 
Strategy (HM Government, 2017), that some of the biggest opportunities for improving the 
UK productivity come from sectors that have lower productivity levels, such as the T&H sector 
(Forth and Rincon-Aznar, 2018). This makes this current research timely in providing 
empirical evidence of potential economic effects of agglomeration for T&H businesses and 
insights into the significance of agglomeration economies and their possible spillover effects 
that can help address the low level of T&H labour productivity across the UK. This can be in 
the form of tourism clusters or zones. The latest Industrial Strategy Tourism Sector Deal has 
proposed to introduce tourism zones (Ridgway, 2017; HM Government, 2019), creating 
business networks or communities to share knowledge and resources in improving productivity 
at a firm, sectoral and regional level. Additionally, although these practical and policy insights 
have been specifically developed in the UK context, they are likely to have broader 
applications, at least to other developed countries and service industries.  
Specifically, on the agglomeration economies, the implications of labour market pooling 
suggest the importance of having a pool of skilled labour which is relevant to the industry. The 
high costs of labour have led to increasing flexible labour arrangements, which are important 
in managing labour scheduling when demand variations are high and for productivity 
enhancement. Additionally, since the industry faces a high mismatch between the job and the 
employee, this research can suggest that it is important to identify the skills gap in the industry 
and in the local market and that a pool of diverse skilled labour can assist in dealing with 
change in labour demand and supply in the T&H market. Moreover, the government will 
introduce two new T levels in T&H related subjects to equip the workers of the future, whilst 
the industry will deliver 30,000 apprenticeship starts per year by 2025 (HM Government, 
2019). Through this research and others, the high skills mismatch and the lack of workers with 
transferrable skills can be recognised, supporting the promotion of such vocational training and 
technical learning for the future labour market of the T&H industry. Moreover, regarding the 
positive implications of knowledge spillover effects, it can be inferred that labour with past 
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T&H experience can be significant carriers of knowledge. Industry and government need to 
address the challenges of sharing and diffusing knowledge via interaction, business networks 
and communities, which can promote innovative activities in T&H. This can be achieved 
locally given proximity advantages, and potentially contribute to productivity improvements.  
Industry and government research have also raised concerns on the regional differences in 
productivity causing a lag in the national productivity. Regional disparities in T&H labour 
productivity are evident and thus tackling the low productivity and its spatial unevenness is 
needed to improve national productivity. This research supports the government’s report 
regarding the regional disparities in aggregate productivity of the UK (HM Government, 2017), 
but also provides empirical evidence of spatial spillover effects which can help address these 
regional differences. Spatial spillover effects of agglomeration economies have shown 
significant effects on regional labour productivity in T&H and the aforementioned implications 
of agglomeration economies can also affect adjacent neighbouring regions. Regional T&H 
clusters may be of significance for enhancing productivity. Henceforth, policy makers and 
regional planners can consider cluster-oriented policies to better coordinate labour markets and 
business networks to take advantage of agglomeration economies. This can be done at the LAD 
level or more recently, in England, the Local Enterprise Partnerships (LEPs) have been created 
to enhance productivity and so place-based strategies for T&H productivity can be promoted 
at the LEP level too.  
Collaborative partnerships amongst T&H firms, and other sectors, in local areas can improve 
the understanding of the workforce, skills and knowledge sets in the area and deliver place-
based strategies in enhancing T&H productivity. An example of such localised activities can 
be found in Cornwall. Be the Business (2015) exemplified the partnership between the Jamie 
Oliver’s Fifteen restaurant, where young apprentice chefs are trained, and a local hotel 
(Watergate Bay Hotel) and brewery (St Austell’s). This involved the discussion of how work 
is done in the industry and gaining a common understanding of hospitality work to ensure long 
run prospects in employee careers and sustainable business models. This resulted in changes 
in talent management practices and better operational performance. Such examples suggest the 
potential for T&H firms to collaborate at the local or regional level, which may form T&H 
clusters and share knowledge and expertise to enhance skills and productivity levels in the 
industry. 
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8.4 Limitation of the current research  
This current research acknowledges a number of limitations. The key limitations of this 
research are as follows:  
• The distinct nature of the T&H industry has caused limitations to this study. Previous 
studies have examined labour productivity in the hospitality businesses, especially 
hotels and restaurants as the inputs and outputs of productivity are relatively more 
distinct (see Table 2.1) (Ball, Johnson and Slattery, 1986; Witt and Witt, 1989; 
Reynolds, 2003; Zhang and Enemark, 2016). However, considering both T&H, the 
nature of tourism businesses and attractions are different from hospitality businesses. 
They are more likely to involve public (non-commercial) and/or private (commercial) 
entities, and the number of employees, hours worked, types of employees, level of 
turnover, output and gross value added (GVA) of the entity will vary depending on 
being public, private or public and private. Thus, measures of productivity cannot be 
constrained to the examples shown in Table 2.1. The labour productivity measure used 
in this current research, the GVA per hours worked, has limitations in capturing the full 
extent of labour productivity of T&H firms when considering the public and/or private 
nature of the firms. 
• Due to data unavailability, the dataset was limited to the UK, which may limit the 
generalisability of the findings. There was a limited choice of spatial units based on the 
secondary data and so the spatial units were not always coterminous with the T&H and 
labour markets. Despite the labour productivity measure being in line with current 
approaches in the literature, the true labour productivity in T&H inevitably involves the 
participation of the consumer and the quality of the good or service and other 
influencing factors discussed in section 2.5, which was unattainable to be included in 
the measure. Yet, these elements can be reflected in price which is accounted in the 
GVA measure used in this research. Due to data unavailability and accessibility, 
demand-side and control variables regarding the market characteristics were not 
available at the scale of unit analysis. It is acknowledged that due to these omitted 
variables, low R-squared values were observed in the findings. However, under the 
dynamic FE SDM, the spatially and temporally lagged variables reduced the potential 
bias from the omitted variables and the model fit improved substantially. 
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• The specification of the spatial weights matrix is always a limitation in any spatial 
econometric modelling. LeSage and Pace (2014) addressed the myth in spatial 
econometrics that there is little theoretical basis for the argument regarding the 
sensitivity of spatial estimations to the specification of the spatial weights matrix. 
However, based on the spatial panel model estimations using different spatial weights 
matrix, the results showed similar outcomes, but the coefficient estimates were slightly 
different. Alternative specifications of spatial weights matrix could be used: for 
example, using the data in the model to estimate the spatial weights matrix, rather than 
imposing a given structure (Meen, 1996; Bhattacharjee and Jensen-Butler, 2005). 
• Lastly, the local estimation suffers from limitations. First, as the GWR model 
estimation could not use panel data, cross-sectional data was used by taking the 
difference between the year 2006 and 2016. This may limit the effects of the coefficient 
on T&H labour productivity. Second, given that the model includes the spatial lag of 
the dependent and explanatory variables and spatial feedback loop effects were 
identified in the global estimations, this poses challenges for the interpretation of the 
regression coefficients. The impact measures that generate the true direct, indirect 
(spatial spillover) and total effects would have elicited more accurate results and 
interpretations of the spillover effects. However, due to the limited access to software 
in the Secure Lab (refer to section 5.6.1), these impact measures could not be generated. 
Thus, the robust GWR model was estimated instead. 
8.5 Recommendations for future research  
The current research represents one of the first attempts to analyse the impact of spatial 
clustering and agglomeration economies on the labour productivity of T&H using spatial 
econometric modelling techniques and local estimations. The following future research are 
recommended: 
• As this is a quantitative study, it is difficult to interpret and elicit the findings in depth. 
Further qualitative research is recommended to investigate in more detail the situation 
of each region and LADs and their intension in productivity enhancements. As this 
research provides empirical evidence of the potential implications of T&H clusters, 
qualitative or quantitative-based survey research can explore the true perceptions and 
strategies that employees, practitioners, organisations and related entities of T&H have 
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or expect in light of the new Industrial Strategy and Tourism Sector Deal. This can 
encourage primary data collection and better measures of productivity and spatial 
clustering. 
• Alternative measures or definitions of spatial clustering of T&H firms can be explored. 
There are different typologies of clusters that could have been adopted, which vary by 
geographical extent, function and purpose, such as micro-clusters, industrial clusters 
and virtual clusters (refer to section 1.4). This research has considered regional T&H 
clusters based on a pre-structured geographical boundary (LAD) due to data limitation, 
but non-parametric methods to define a T&H cluster based on productivity can be more 
insightful in planning and developing destinations and operating strategically at the 
business management level. 
• In particular, further research could include technological spillovers and their effects 
on T&H productivity based on the increasing digital visitor economy in T&H. 
Innovation is one of the key factors of productivity, which has not been examined in 
depth in the current research. Given the findings suggest the potential of T&H clusters 
or business networks, innovation can contribute towards this and strengthen knowledge 
spillover effects and productivity, which is worth exploring further.  
• The majority of the T&H studies that have examined the effects of agglomeration 
economies are in the context of China and Spain (e.g. Yang, 2012, 2016; Marco-Lajara, 
Claver-Cortés and Úbeda-García, 2014; Marco-Lajara, Claver-Cortés, et al., 2016a; 
Marco-Lajara, Zaragoza-Saez, et al., 2016; Marco-Lajara et al., 2017). This research 
has contributed by examining the UK, but further research is recommended across other 
developed or even developing economies to explore the spillover effects of 
agglomeration economies and productivity to account for regional productivity growth 
in T&H industry. 
• Spatiotemporal local models are suggested to be further examined to capture the direct 
and spatial spillover effects of T&H labour productivity and agglomeration economies 
at the local level to gain a wider understanding of the process of spillover effects over 
space and time.  
• Lastly, the concept of T&H clusters can be explored in an ecological perspective rather 
than in an agglomeration economies perspective. With rapid changes in the socio-
economic and technological environment, T&H clusters can be seen as an organic and 
dynamic cluster which adapts and evolves with change. This contends that it should not 
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be viewed not in isolation from its surrounding systems (Lifset and Graedel, 2002). 
Considering T&H firms as open firms that can evolve with changes in technology, such 
as social media, user generated content and big data, this can open up broader 
connections and pathways in research and theories such as innovation ecosystems (Oh 
et al., 2016), service-dominant logic and service science (Vargo and Lusch, 2008; 
Vargo, Maglio and Akaka, 2008).  
T&H is attached to space and space matters in shaping where, when and how tourist, travel and 
consume goods and services. Space also influences where and how T&H businesses operate. 
Thus, spatial econometric modelling and other spatial analytical techniques have value in T&H 
research as it can handle geospatial data and widen the scope of T&H research in terms of 
economics, geography, business operation, strategy, mobility, planning, regional growth, and 
many more. 
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Appendices 
Table A.1 Tourism & Hospitality Standard Industrial Classification (SIC) codes 
Sector SIC  Description 
Accommodation 55100 Hotels and similar accommodation  
55202 Youth hostels 
55300 Recreational vehicle parks, trailer parks & camping 
grounds 
55201 Holiday centres and villages 
55209 Other holiday and other collective accommodation  
55900 Other accommodation Licensed 
F&B 56101 Licensed restaurants 
56102 Unlicensed restaurants and cafes 
56103 Take-away food shops and mobile food stands  
56290 Other food services 
56210 Event Catering Activities 
56301 Licensed clubs 
56302 Public houses and bars 
Railway 49100 Passenger rail transport, interurban  
Road 49320 Taxi Operation 
49390 Other passenger land transport 
Water 50100 Sea and coastal passenger water transport  
50300 Inland passenger water transport  
Air 51101 Scheduled passenger air transport  
51102 Non-scheduled passenger air transport 
Transport equipment rental 77110 Renting & leasing of cars and light motor vehicles 
77341 Renting & leasing of passenger water transport equipment 
77351 Renting & leasing of passenger air transport equipment 
Travel agencies and booking 
services 
79110 Travel agency activities 
79120 Tour operator activities  
79901 Activities of tour guides 
79909 Other reservation service activities 
Cultural activities 90010 Performing arts 
90020 Support Activities for the performing arts 
90030 Artistic creation 
90040 Operation of arts facilities  
91020 Museums activities 
91030 Operation of historical sites & buildings & similar 
attractions 
91040 Botanical & zoological gardens and nature reserves 
activities 
Sporting and recreational 92000 Gambling & betting activities  
93110 Operation of sports facilities  
93199 Other sports activities 
93210 Activities of amusement parks and theme parks  
93290 Other amusement and recreation activities 
77210 Renting and leasing of recreational and sports goods 
Country-specific tourist 
activities 
82301 Activities of exhibition and fair organisers  
82302 Activities of conference organisers 
68202 Letting and operating of conference and exhibition centres 
Source: White (2016) 
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Table A.2 Mean T&H labour productivity for each LAD in Scotland, Wales and England 
 
Scotland LAD Mean   Wales LAD Mean 
Clackmannanshire 1.386   Pembrokeshire 1.456 
Dumfries and Galloway 1.329   Ceredigion 1.445 
Renfrewshire 1.313   Rhondda Cynon Taff 1.417 
East Lothian 1.287   Powys 1.373 
Inverclyde 1.254   Blaenau Gwent 1.351 
Aberdeenshire 1.248   Caerphilly 1.316 
East Ayrshire 1.233   Merthyr Tydfil 1.299 
West Dunbartonshire 1.230   Monmouthshire 1.209 
Stirling 1.222   The Vale of Glamorgan 1.172 
Angus 1.199   Carmarthenshire 1.153 
East Renfrewshire 1.188   Neath Port Talbot 1.146 
North Ayrshire 1.176   Newport 1.142 
South Ayrshire 1.145   Swansea 1.140 
Falkirk 1.125   Bridgend 1.132 
Dundee City 1.124   Wrexham 1.119 
Aberdeen City 1.115   Gwynedd 1.114 
City of Edinburgh 1.104   Cardiff 1.067 
Fife 1.087   Denbighshire 1.051 
South Lanarkshire 1.076   Torfaen 1.018 
West Lothian 1.037   Conwy 0.890 
Midlothian 1.027   Flintshire 0.867 
North Lanarkshire 1.027     
Glasgow City 1.024   Total 1.184 
Moray 0.971   
Highland 0.925   
Scottish Borders 0.923   
East Dunbartonshire 0.923   
Perth and Kinross 0.885   
Argyll and Bute 0.827   
    
Total 1.118   
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Region England LAD Mean 
East Maldon 2.726 
East Castle Point 1.562 
East Suffolk Coastal 1.513 
East Breckland 1.400 
East Mid Suffolk 1.391 
East Great Yarmouth 1.376 
East Rochford 1.354 
East Waveney 1.318 
East South Norfolk 1.310 
East Tendring 1.292 
East Uttlesford 1.287 
East Three Rivers 1.273 
East Fenland 1.250 
East Brentwood 1.250 
East Basildon 1.238 
East Braintree 1.237 
East Kings Lynn and West Norfolk 1.212 
East Babergh 1.208 
East Bedford 1.207 
East North Norfolk 1.191 
East Ipswich 1.190 
East Forest Heath 1.169 
East Broxbourne 1.149 
East North Hertfordshire 1.139 
East East Hertfordshire 1.134 
East Luton 1.130 
East Welwyn Hatfield 1.122 
East Huntingdonshire 1.110 
East East Cambridgeshire 1.095 
East Southend-on-Sea 1.072 
East South Cambridgeshire 1.065 
East St Albans 1.061 
East Colchester 1.061 
East Harlow 1.055 
East Peterborough 1.051 
East Norwich 1.051 
East Central Bedfordshire 1.048 
East Chelmsford 1.048 
East Dacorum 1.044 
East Thurrock 1.034 
East St Edmundsbury 1.033 
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East Cambridge 1.032 
East Stevenage 1.003 
East Broadland 0.971 
East Watford 0.919 
East Hertsmere 0.912 
East Epping Forest 0.820 
   
East Midlands South Northamptonshire 2.437 
East Midlands South Holland 1.800 
East Midlands Gedling 1.717 
East Midlands Oadby and Wigston 1.560 
East Midlands Bassetlaw 1.447 
East Midlands Derbyshire Dales 1.429 
East Midlands Chesterfield 1.404 
East Midlands Amber Valley 1.403 
East Midlands Mansfield 1.390 
East Midlands Corby 1.388 
East Midlands Wellingborough 1.357 
East Midlands South Derbyshire 1.353 
East Midlands Erewash 1.305 
East Midlands Kettering 1.275 
East Midlands High Peak 1.262 
East Midlands Hinckley and Bosworth 1.260 
East Midlands Newark and Sherwood 1.240 
East Midlands North West Leicestershire 1.230 
East Midlands Boston 1.224 
East Midlands Ashfield 1.200 
East Midlands Rushcliffe 1.192 
East Midlands Melton 1.177 
East Midlands South Kesteven 1.164 
East Midlands East Northamptonshire 1.163 
East Midlands Northampton 1.155 
East Midlands East Lindsey 1.145 
East Midlands Harborough 1.139 
East Midlands Leicester 1.135 
East Midlands North East Derbyshire 1.132 
East Midlands Derby 1.117 
East Midlands Charnwood 1.087 
East Midlands Daventry 1.060 
East Midlands Blaby 1.017 
East Midlands Lincoln 1.012 
East Midlands West Lindsey 1.002 
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East Midlands Broxtowe 0.999 
East Midlands North Kesteven 0.990 
East Midlands Nottingham 0.964 
East Midlands Bolsover 0.947 
East Midlands Rutland 0.926 
   
London Hillingdon 1.150 
London Southwark 1.091 
London Hounslow 1.082 
London Harrow 1.077 
London Hackney 1.049 
London Bexley 1.048 
London Barking and Dagenham 1.047 
London Lewisham 1.045 
London Merton 1.038 
London Enfield 1.038 
London Islington 1.033 
London Westminster 1.031 
London Richmond upon Thames 1.027 
London Sutton 1.024 
London Camden 1.024 
London Kingston upon Thames 1.018 
London Barnet 1.013 
London Waltham Forest 1.012 
London Kensington and Chelsea 1.009 
London Havering 1.006 
London Hammersmith and Fulham 1.000 
London Lambeth 0.997 
London Croydon 0.992 
London Newham 0.987 
London Brent 0.986 
London Bromley 0.986 
London Ealing 0.984 
London Tower Hamlets 0.969 
London Haringey 0.931 
London Greenwich 0.931 
London Redbridge 0.924 
London Wandsworth 0.838 
   
North East Hartlepool 1.415 
North East Newcastle upon Tyne 1.331 
North East Redcar and Cleveland 1.217 
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North East Stockton-on-Tees 1.187 
North East Middlesbrough 1.177 
North East County Durham 1.165 
North East South Tyneside 1.149 
North East Gateshead 1.120 
North East Darlington 1.112 
North East North Tyneside 1.085 
North East Northumberland 1.085 
North East Sunderland 1.082 
   
North West Copeland 1.418 
North West South Ribble 1.416 
North West Burnley 1.380 
North West Hyndburn 1.287 
North West Allerdale 1.234 
North West Blackburn with Darwen 1.226 
North West West Lancashire 1.220 
North West St. Helens 1.193 
North West Tameside 1.192 
North West Manchester 1.191 
North West Carlisle 1.181 
North West Lancaster 1.167 
North West Barrow-in-Furness 1.165 
North West Eden 1.153 
North West Knowsley 1.141 
North West Chorley 1.136 
North West Stockport 1.135 
North West Rochdale 1.128 
North West Oldham 1.117 
North West Sefton 1.103 
North West Bolton 1.100 
North West Warrington 1.100 
North West Wigan 1.097 
North West South Lakeland 1.078 
North West Wirral 1.060 
North West Wyre 1.055 
North West Liverpool 1.054 
North West Preston 1.053 
North West Halton 1.031 
North West Cheshire West and Chester 1.025 
North West Cheshire East 1.009 
North West Salford 1.007 
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North West Rossendale 0.969 
North West Trafford 0.963 
North West Blackpool 0.959 
North West Bury 0.942 
North West Fylde 0.925 
North West Pendle 0.908 
North West Ribble Valley 0.707 
   
South East Lewes 1.660 
South East Hastings 1.458 
South East Tunbridge Wells 1.375 
South East Worthing 1.331 
South East Sevenoaks 1.315 
South East Gravesham 1.312 
South East Shepway 1.301 
South East Vale of White Horse 1.298 
South East Canterbury 1.296 
South East Wealden 1.296 
South East Fareham 1.245 
South East Reigate and Banstead 1.226 
South East Chichester 1.209 
South East Test Valley 1.206 
South East Havant 1.206 
South East Gosport 1.200 
South East East Hampshire 1.165 
South East Hart 1.157 
South East Aylesbury Vale 1.144 
South East Runnymede 1.137 
South East Swale 1.137 
South East New Forest 1.135 
South East Arun 1.121 
South East Wycombe 1.121 
South East Waverley 1.120 
South East Southampton 1.120 
South East Dover 1.116 
South East Winchester 1.111 
South East Tandridge 1.108 
South East Oxford 1.099 
South East South Oxfordshire 1.096 
South East Crawley 1.093 
South East Chiltern 1.092 
South East Tonbridge and Malling 1.090 
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South East Wokingham 1.088 
South East Rushmoor 1.085 
South East Basingstoke and Deane 1.085 
South East Maidstone 1.079 
South East Ashford 1.071 
South East Rother 1.069 
South East Horsham 1.064 
South East Dartford 1.064 
South East Eastbourne 1.062 
South East Medway 1.057 
South East Brighton and Hove 1.049 
South East Mid Sussex 1.045 
South East Milton Keynes 1.039 
South East Slough 1.038 
South East Portsmouth 1.032 
South East Woking 1.027 
South East Mole Valley 1.025 
South East Guildford 1.020 
South East Bracknell Forest 1.017 
South East Thanet 1.002 
South East Surrey Heath 0.996 
South East South Bucks 0.989 
South East West Berkshire 0.985 
South East Spelthorne 0.982 
South East Reading 0.971 
South East Epsom and Ewell 0.971 
South East Cherwell 0.948 
South East Elmbridge 0.944 
South East Windsor and Maidenhead 0.942 
South East West Oxfordshire 0.936 
South East Eastleigh 0.933 
South East Adur 0.928 
   
South West Mid Devon 2.056 
South West Christchurch 1.493 
South West East Devon 1.465 
South West North Dorset 1.388 
South West Torridge 1.372 
South West South Somerset 1.365 
South West West Devon 1.313 
South West Tewkesbury 1.298 
South West Weymouth and Portland 1.277 
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South West West Dorset 1.256 
South West North Somerset 1.235 
South West North Devon 1.233 
South West Cotswold 1.214 
South West South Gloucestershire 1.213 
South West Mendip 1.186 
South West Cornwall 1.175 
South West Taunton Deane 1.169 
South West Gloucester 1.169 
South West Forest of Dean 1.168 
South West Exeter 1.167 
South West East Dorset 1.162 
South West Swindon 1.151 
South West Plymouth 1.138 
South West Torbay 1.122 
South West Teignbridge 1.109 
South West Sedgemoor 1.101 
South West Bath and North East Somerset 1.071 
South West Wiltshire 1.066 
South West Cheltenham 1.043 
South West Stroud 1.036 
South West Bristol, City of 1.026 
South West South Hams 1.003 
South West Poole 0.968 
South West Purbeck 0.945 
South West Bournemouth 0.924 
South West West Somerset 0.833 
   
West Midlands Staffordshire Moorlands 2.282 
West Midlands South Staffordshire 1.531 
West Midlands Tamworth 1.431 
West Midlands Nuneaton and Bedworth 1.408 
West Midlands Wyre Forest 1.368 
West Midlands Lichfield 1.315 
West Midlands Wychavon 1.309 
West Midlands Cannock Chase 1.218 
West Midlands Malvern Hills 1.201 
West Midlands Newcastle-under-Lyme 1.193 
West Midlands East Staffordshire 1.189 
West Midlands Solihull 1.186 
West Midlands Walsall 1.184 
West Midlands North Warwickshire 1.180 
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West Midlands Worcester 1.170 
West Midlands Redditch 1.163 
West Midlands Telford and Wrekin 1.157 
West Midlands Stafford 1.126 
West Midlands Shropshire 1.117 
West Midlands Warwick 1.106 
West Midlands Dudley 1.102 
West Midlands Herefordshire, County of 1.094 
West Midlands Rugby 1.069 
West Midlands Birmingham 1.067 
West Midlands Bromsgrove 1.060 
West Midlands Stoke-on-Trent 1.050 
West Midlands Sandwell 1.048 
West Midlands Coventry 1.018 
West Midlands Wolverhampton 1.012 
West Midlands Stratford-on-Avon 0.984 
   
Yorkshire and The Humber Craven 1.272 
Yorkshire and The Humber East Riding of Yorkshire 1.265 
Yorkshire and The Humber Hambleton 1.252 
Yorkshire and The Humber Calderdale 1.247 
Yorkshire and The Humber Scarborough 1.240 
Yorkshire and The Humber Sheffield 1.227 
Yorkshire and The Humber Doncaster 1.205 
Yorkshire and The Humber Barnsley 1.185 
Yorkshire and The Humber North Lincolnshire 1.179 
Yorkshire and The Humber Kingston upon Hull, City of 1.171 
Yorkshire and The Humber Rotherham 1.148 
Yorkshire and The Humber Bradford 1.124 
Yorkshire and The Humber North East Lincolnshire 1.120 
Yorkshire and The Humber Kirklees 1.110 
Yorkshire and The Humber Leeds 1.108 
Yorkshire and The Humber Wakefield 1.056 
Yorkshire and The Humber York 1.003 
Yorkshire and The Humber Selby 0.959 
Yorkshire and The Humber Richmondshire 0.941 
Yorkshire and The Humber Ryedale 0.898 
Yorkshire and The Humber Harrogate 0.888 
   
Total 
 
1.153 
Source: ONS (2012, 2018a); ONS. Social Survey Division (2018) 
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Figure A.1 Map of the UK by region and country 
Source: Ordnance Survey (2019) 
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Note:	Your	responses	should	be	downloaded	and	kept	with	your	study
documentation.
If	you	have	any	questions	please	feel	free	to	contact	us	via	ethics@surrey.ac.uk.
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Self-Assessment	Form:	Ethics	(SAFE)
Response	ID Completion	date
160708-160702-23233316 17	May	2017,	14:29	(BST)
1 Project	title The	impact	of	spatial	clustering	on	the
labour	productivity	of	hotels	in	the	UK
2 Chief	Investigator: Yoo	Ri	Kim
2.a Email	address: yoo.kim@surrey.ac.uk
3 Level	of	research PhD
3.b If	this	is	a	PhD	study
please	provide	the	name
of	your	supervisor/s
Sangwon	Park,	Jason	Chen,	Allan
Williams
4 Does	the	study	require
review	by	an	NHS
Research	Ethics
Committee?
No
5 Does	the	study	involve
the	inducement	of	MORE
than	minimal	stress	to
the	participant?
No
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6 Does	the	study	involve
children	under	16	years
or	other	vulnerable
groups	such	as	those	16
and	over	who	may	feel
under	pressure	to	take
part	due	to	their
connection	with	the
researcher?
No
7 Does	the	study	involve
prisoners	or	young
offenders?
No
8 Does	the	study	involve
the	new	collection	or
donation	of	human
tissue,	as	defined	by	the
Human	Tissue	Act,	from
a	living	person	or	the
recently	deceased
according	to	the	Human
Tissue	Authority?
No
9 Does	the	study	involve
any	of	the	following	...
No
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10 Are	you	planning	to
access	records	of	and/or
collect	personal
confidential	data,
concerning	identifiable
individuals	as	defined	by
the	UK	Data	Protection
Act	1998?
No
11 Are	you	linking	or
sharing	personal	data	or
confidential	information
beyond	the	initial
consent	given	(including
linked	data	gathered
outside	of	the	UK)?
No
12 Will	you	collect	or	access
audio/video	recordings,
photographs	or
quotations	within	which
participants	may	be
identifiable	and	with	the
intention	to	disseminate
those	beyond	the
research	team?
No
13 Does	the	study	require
participants	to	take	part
in	the	study	without	their
knowledge	and/or
consent	at	the	time?
No
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14 Does	the	study	involve
deception	other	than
withholding	information
about	the	aims	of	the
research	until	the
debriefing?
No
15 Do	you	plan	to	offer
incentives	which	may
unduly	influence
participants’	decision	to
participate?
No
16 Does	the	study	involve
activities	where	the
safety/wellbeing	of	the
researcher	may	be	in
question?
No
17 Do	you	think	that	any
other	significant	ethical
concerns	may	arise,	or
does	your	external
funding	body	or	sponsor
require	ethical	review	to
be	undertaken?
No
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18 Could	the
behavioural/physiological
intervention	possibly	lead
to	discovery	of	ill	health
or	concerns	about
wellbeing	in	a	participant
incidentally	even	if	the
intervention	in	itself
causes	no	more	than
minimal	stress	is	to	the
research	participant?
No
19 Are	you	investigating
existing	working	or
professional	practices
among	participants,
identifiable	to	yourself	as
the	researcher	at	your
own	place	of	work	(this
may	be	the	University	of
Surrey	or	another
organisation	where	you,
your	supervisor	or	co-
investigator	work)?
No
20 Is	the	research	proposal
to	be	carried	out	by
persons	unconnected
with	the	University,	but
wishing	to	use	staff
and/or	students	as
participants?
No
21 I,	the	undersigned,
confirm	that	I	have	read
the	Ethics	Handbook	for
I	agree
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Teaching	and	Research
and	the	Code	on	Good
Research	Practice.	I
understand	that	the
project	may	be
monitored	and	audited
by	the	University	of
Surrey	to	ensure	that	it	is
carried	out	in
accordance	with	good
practice,	legal	and	ethical
requirements	and	any
other	guidelines.	I
understand	that	the
protocol	and	any
associated	documents
such	as	information
sheets	and	consent
forms	should	have
version	numbers	and
dates.	If	I	make	any
significant	changes	to
my	protocol	I	understand
that	I	should	complete
the	self-assessment
again.	I	am	also	aware
that	any	knowingly
wrong	answer	to	any	of
the	questions	below	and
any	research
misconduct	reported
may	lead	to	disciplinary
measures	after
investigation.	In	case	of
dissertation	projects	or
theses,	the	provision	of
knowingly	incorrect
information	or	proven
research	misconduct
may	affect	academic
progression.
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progression.
21.a Name Yoo	Ri	Kim
21.b Date	self-assessment
form	is	submitted
17/05/2017
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